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Summary

The 2010 Eyjafjallajökull volcano eruption had serious consequences to civil avia-
tion. This has initiated a lot of research on volcanic ash forecasting in recent years.
For forecasting the volcanic ash transport after eruption onset, a volcanic ash trans-
port and diffusion model (VATDM) needs to be run with Eruption Source Parameters
(ESPs) such as plume height and mass eruption rate as input, and with data assim-
ilation techniques to continuously improve the forecast. Reliable and accurate ash
measurements are crucial for providing successful ash clouds advices. In the first
phase of this research work, simulated aircraft-based volcanic ash measurements,
will be assimilated into a transport model to identify the potential benefit of this
kind of observations in an assimilation system. The results show that assimilating
aircraft-based measurements can improve the state of ash clouds, and can provide
an improved forecast. We also show that for an advice on the aeroplane flying level,
aircraft-based measurements should preferably be taken at this level. Furthermore
it is shown that in order to make an acceptable advice for aviation decision mak-
ers, accurate knowledge about uncertainties of ESPs and measurements is of great
importance.

The forecast accuracy of distal volcanic ash clouds is important for providing
valid aviation advice during volcanic ash eruptions. However, because the distal
part of a volcanic ash plume is far from the volcano, the influence of eruption infor-
mation on this part becomes rather indirect and uncertain, resulting in inaccurate
volcanic ash forecasts in these distal areas. In this thesis, we use real-life aircraft
in situ observations, measured in the North-West part of Germany during the 2010
Eyjafjallajökull eruption, in an ensemble-based data assimilation system to investi-
gate the potential improvement on the forecast accuracy with regard to the distal
volcanic ash plume. We show that the error of the analyzed volcanic ash state
can be significantly reduced by assimilating real-life in situ measurements. After
assimilation, it is shown that the model-based aviation advice for Germany, the
Netherlands and Luxembourg can be improved. We suggest that with suitable air-
crafts measuring once per day across the distal volcanic ash plume, the description
and prediction of volcanic ash clouds in these areas can be improved significantly.

Among the data assimilation approaches, the ensemble Kalman filter (EnKF) is
a well-known and popular method. A proper covariance localization strategy in the
analysis step of EnKF is essential for reducing spurious covariances caused by the
finite ensemble size, as shown for this application for assimilation of aircraft in situ
measurements. After analyzing the characteristics of the physical forecast error co-
variances, we present a two-way tracking approach to define the localization matrix
for covariance localization. The result shows that the Two-way-tracking Localized
EnKF (TL-EnKF) effectively maintains the correctly specified physical covariances

xi



xii Summary

and largely reduces the spurious ones. The computational cost of TL-EnKF is also
evaluated and is shown to be advantageous for both serial and parallel implemen-
tations. Compared to the commonly used distance-based covariance localization,
the two-way tracking approach is shown to be more suitable. In addition, the co-
variance inflation approach is verified as an additional improvement to TL-EnKF to
achieve more accurate results.

A timely prediction requires that the computations of the data assimilation sys-
tem can be performed quickly (at least than the Wall-clock). We therefore investi-
gate strategies for accelerating the data assimilation algorithm. Based on evalua-
tions of the computational time, the analysis step of the assimilation turns out to be
the most expensive part. After a study on the characteristics of the ensemble ash
state, we propose a mask-state algorithm which records the sparsity information of
the full ensemble state matrix and transforms the full matrix into a relatively small
one. This will reduce the computational cost in the analysis step. Experimental
results show the mask-state algorithm significantly speeds up the analysis step.
Subsequently, the total amount of computing time for volcanic ash data assimila-
tion is reduced to an acceptable level. The mask-state algorithm is generic and thus
can be embedded in any ensemble-based data assimilation framework. Moreover,
ensemble-based data assimilation with the mask-state algorithm is promising and
flexible, because it implements exactly the standard data assimilation without any
approximation and it realizes the satisfying performance without any change of the
full model.

Infrared satellite measurements of volcanic ash mass loadings are often used as
input observations for the assimilation scheme. However, these satellite-retrieved
data are often two-dimensional (2D), and cannot easily be combined with a three-
dimensional (3D) volcanic ash model to improve the volcanic ash state. By inte-
grating available data including ash mass loadings, cloud top heights and thickness
information, we propose a satellite observational operator (SOO) that translates
satellite-retrieved 2D volcanic ash mass loadings to 3D concentrations at the top
layer of the ash cloud. Ensemble-based data assimilation is used to assimilate the
extracted measurements of ash concentrations. The results show that satellite data
assimilation can force the volcanic ash state to match the satellite observations,
and that it improves the forecast of the ash state. Comparison with highly accurate
aircraft in situ measurements shows that the effective duration of the improved
volcanic ash forecasts is about a half day.



Samenvatting

De uitbarsting van vulkaan Eyjafjallajökull in 2010 had ernstige gevolgen voor de
burgerluchtvaart. Dit heeft geleid dat veel onderzoek naar de verspreiding van
vulkanische as zijn gestart in de afgelopen jaren. Voor het voorspellen van de
vulkanische as transport nadat die in de lucht is gekomen via uitbarsting, een vul-
kanische as transport en diffusie model (VATDM) dient te worden uitgevoerd met
als invoer de Eruption Source parameters (ESP’s), zoals pluim hoogte en snelheid
van massa-uitspuit. Deze simulatie resultaten kunnen met data-assimilatie technie-
ken continu worden verbeterd voor een betere prognose. Betrouwbare en accurate
metingen van as concentratie zijn van cruciaal belang voor het verstrekken van een
succesvolle aswolken adviezen. In de eerste fase van dit onderzoek, gesimuleerde-
vliegtuigen op basis van vulkanische as metingen, wordt geassimileerd in een trans-
portmodel om de effecten van dit soort observaties in een assimilatie systeem te
bestuderen. De resultaten tonen aan dat assimilatie op basis vliegtuig metingen de
berekende resultaten over de aswolken kan verbeteren die weer tot een verbeterde
prognose kan leiden. We tonen ook aan dat voor een advies met betrekking tot het
wel/niet vliegen, vliegtuigmetingen bij voorkeur op de normale vlieghoogte moeten
worden gedaan. Voorts wordt aangetoond dat ter ondersteuning van het maken
van een betrouwbaar advies door de luchtvaart autoriteit, accurate kennis over de
onzekerheden van de ESP’s en metingen van groot belang is.

De voorspellingsnauwkeurigheid van de distale vulkanische aswolken is belang-
rijk voor het verstrekken van geldig luchtvaartadvies tijdens de vulkanische as uit-
barstingen. Omdat het distale deel van een vulkanische aswolk ver van de vulkaan
is, wordt de invloed van uitbarsting gegevens (zoals ESP’s) op dit deel nogal onzeker
en indirect, wat resulteert in onnauwkeurige vulkanische as prognoses in deze dis-
tale gebieden. In dit proefschrift maken we gebruik van real-life vliegtuigen in situ
waarnemingen, gemeten in het noordwesten van Duitsland tijdens de 2010 Eyjaf-
jallajökull uitbarsting, in een ensemble-gebaseerde data assimilatie systeem om de
prognose ten aanzien van de distale vulkanische aswolk te verbeteren. We laten
zien dat de fout van de geanalyseerde vulkanische as staat aanzienlijk kan worden
verminderd door het assimileren van in situ metingen. We laten zien dat na de assi-
milatie de modelmatige luchtvaart advies voor Duitsland, Nederland en Luxemburg
wordt verbeterd. Op basis van deze studie constateren we dat het een keer per dag
meten over de distale vulkanische aswolk met geschikte vliegtuigen, de beschrij-
ving en voorspellen van vulkanische aswolken boven verre gebieden aanzienlijk kan
worden verbeterd.

Onder de data-assimilatie benaderingen, het ensemble Kalman filter (EnKF) is
een bekende en populaire methode. Een goede covariantie lokalisatiestrategie in
de analysestap van EnKF is essentieel voor het verminderen van valse covarianties
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die door de eindige ensemble grootte, zoals voor deze toepassing voor assimilatie
van vliegtuigen in situ afmetingen, zijn veroorzaakt. Na analyse van de kenmer-
ken van de fout in covarianties, presenteren we een tweerichtings volgmethode
om de lokalisatie matrix voor covariantie-lokalisatie te definiëren. Het resultaat
toont aan dat de Two-way-tracking Localized EnKF (TL-EnKF) methode de correcte
fysieke covarianties effectief handhaaft en tegelijkertijd valse covarianties groten-
deels vermindert. Evaluaties van computationele kosten van TL-EnKF laten zien
dat het voordelig is voor zowel seriële en parallelle implementaties. Bovendien laat
deze nieuwe lokalisatieaanpak zich makkelijk met de covariantie inflatie benadering
combineren wat tot een verder verbetering in de nauwkeurigheid kan leiden.

Een tijdige voorspelling vereist dat de berekeningen van het data assimilatie
systeem snel kan worden uitgevoerd (in ieder geval sneller dan de muurklok). We
onderzoeken daarom strategieën voor het versnellen van het data assimilatie al-
goritme. Op basis van analyse van de rekentijd in verschillende onderdelen, blijkt
de analysestap van de assimilatie het meest tijdrovende onderdeel te zijn. Na on-
derzoek van de kenmerken van typische vulkaanas verspreiding , stellen we een
masker algoritme voor dat de ijlheid van de volledige ensemble-staat matrix re-
gistreert en de volledige matrix naar een betrekkelijk kleine matrix transformeert.
Computer experimenten tonen aan dat het masker algoritme de analysestap aan-
zienlijk versnelt. Aanvankelijk duurt een voorspelling met data assimilatie langer
dan de muurklok, na deze optimalisatie met het masker algoritme wordt de totale
rekentijd voor vulkanische as data assimilatie gereduceerd tot een aanvaardbaar
niveau. Het masker algoritme is generiek en dus kan in een ensemble-gebaseerde
data assimilatie kader worden ingebed. Ensemble gebaseerde data assimilatie met
het masker algoritme is veelbelovend en flexibel, omdat het precies het standaard
data-assimilatie algoritme implementeert zonder enige benaderingen en bevredi-
gende prestaties realiseert zonder enige verandering in het volledige model.

Infrarood satellietmetingen van vulkanische as-massa-ladingen worden vaak ge-
bruikt als input waarnemingen voor het assimilatie systeem. Echter, deze satelliet-
teruggehaalde gegevens zijn vaak tweedimensionaal (2D), en kunnen niet eenvou-
dig worden gecombineerd met een driedimensionaal (3D) vulkanische as model.
Door integratie van de beschikbare gegevens, inclusief as-massa-ladingen, aswolk
tophoogte en dikte informatie, ontwerpen we een satelliet observationele operator
(SOO) die satelliet teruggehaalde 2D vulkanische as-massa-ladingen naar 3D con-
centraties aan de toplaag van de aswolk vertaalt. Ensemble gebaseerde assimilatie
wordt vervolgens gebruikt om de geëxtraheerde as concentraties te assimileren.
De resultaten tonen aan dat satellietgegevens assimilatie de voorspelde as concen-
traties dichter bij de satellietwaarnemingen brengt en een nauwkeurigere prognose
oplevert. Vergelijking met zeer nauwkeurige vliegtuigen in situ metingen blijkt dat
de effectieve duur van de verbeterde vulkanische as prognoses ongeveer een halve
dag is.



1
Introduction

The April–May 2010 eruption of Eyjafjallajökull volcano (Iceland) caused an
unprecedented closure of the European and North Atlantic airspace with

global economic losses of 5 billion US dollars.

Oxford-Economics (2010)

We must make decisions based on the real situation in the sky, not on
theoretical models

Nature 464, 1253 (2010)

1
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2 1. Introduction

1.1. Motivation

Figure 1.1: Eyjafjallajökull volcano eruption plume.

The volcanic activity of Eyjafjallajökull in Iceland in 2010 (Figure 1.1) has shown
that air traffic is highly vulnerable to volcanic eruptions. Volcanic ash is dangerous
to commercial jet aircraft (Casadevall, 1994). Volcanic ash contains micron-size sil-
icate particles that can melt in the hot parts of jet turbine engines. Little is known
about the exact atmospheric concentrations of ash that cause build-up on the jet
turbine, but now the current regulation states that the highest concentration an air-
craft can endure is 4000 𝜇g m (EASA, 2015). Until carefully designed engine per-
formance tests are conducted in realistic volcanic ash cloud conditions, a cautious
approach to advising commercial jet operations in airspace affected by volcanic ash
is recommended. For example, the sudden eruption of the Eyjafjallajökull volcano
in Iceland from 14 April to 23 May 2010, had caused an unprecedented closure
of the European and North Atlantic airspace resulting in a huge global economic
loss up to 5 billion US dollars (Bonadonna et al., 2012). Due to the huge impacts
on aviation community, a lot of research has been initiated on how to efficiently
reduce these aviation impacts, starting with improving the accuracy of volcanic ash
forecast after eruption onset (Eliasson et al., 2011; Schumann et al., 2011).

1.2. Volcanic ash transport models
For forecasting volcanic ash plumes, numerous volcanic ash transport and disper-
sion models (VATDM) are available worldwide, and in recent efforts a comparison
report among these existing models has been compiled (Bonadonna et al., 2012,
2014). These models are usually off-line coupled to a meteorological model, which
require that numerical weather prediction data should be generated first such that
the VATDM could use these data. For the transport either Lagrangian or Eulerian
approach are used. Some models run quickly such as PUFF (Searcy et al., 1998) can
run within minutes and others require many hours to run, such as ATHAM (Ober-
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huber et al., 1998) requires several days. Several VATDM are used in operational
settings, like NAME (Jones et al., 2007) and HYSPLIT (Draxler and Hess, 1998) and
therefore are designed to produce volcanic ash simulations quickly for the corre-
sponding volcanic ash advisory center. Inter-comparisons between volcanic ash
transport and dispersion models, volcanic ash real-time advisories as well as to the
satellite observations have been reported by multiple authors, such as (Witham
et al., 2007) and (Webley et al., 009b).

The meteorological wind fields and estimates of Eruption Source Parameters
(Mastin et al., 2009) (ESPs) such as Plume Height(PH), Mass Eruption Rate (MER),
Particle Size Distribution (PSD) and Vertical Mass Distribution (VMD) are needed as
input to the VATDM model. A VATDM uses physical parameterizations of source and
removal processes that affect the concentrations in the dispersing volcanic cloud.
Aggregation of ash particles and subsequent enhanced removal is an extremely im-
portant process for estimating the atmospheric ash burden (Durant et al., 2010),
yet this process is not included in most dispersion models because of its complexity
and the demand on computation time (Folch et al., 2010). Without accurate knowl-
edge of the temporal variation of the mass eruption rate at the volcano and particle
removal rate in the atmosphere, it is not possible to provide accurate quantitative
forecasts of the ash concentrations arriving in the airspace over a long distance
(Prata and Prata, 2012).

In this thesis, the LOTOS-EUROS (abbreviation of LOng Term Ozone Simulation
– EURopean Operational Smog) model is used (Schaap et al., 2008) with model
version 1.10. This model is an operational air-quality model, used for daily air quality
forecasts over Europe (Curier et al., 2012), focussing on ozone, nitrogen oxides, and
particular matter. In addition, it could be configured to simulate transport of tracers
in other regions of the world. The model uses the off-line approach and is driven
by meteorological data produced by European Centre for Medium-Range Weather
Forecasts (ECMWF). The model is used in a tracer mode to produce volcanic ash
simulations in a timely and useful manner for forecasting.

1.3. Data assimilation identified as a research pri-
ority

To improve the accuracy of volcanic ash concentration forecasts, efficient technolo-
gies must be employed to compensate the VATDM’s inaccuracies. As a result of
the serious consequences on civil aviation, more than 50 volcanologists, meteorol-
ogists, atmospheric dispersion modellers, and space and ground-based monitoring
specialists from 12 different countries (including representatives from 6 Volcanic
Ash Advisory Centers and related institutions) gathered at the Weather Meteorology
Organization (WMO) headquarters in Geneva, addressing some important research
priorities related to Volcanic Ash Transport Forecast problems (Bonadonna et al.,
2012). One of the priorities they identified was to use data assimilation (Zehner,
2010), which had not been tried/employed for volcanic ash forecasts. Ensemble-
based data assimilation, which refers to the sequential use of the direct measure-
ments to create accurate initial conditions for model runs (Zehner, 2010), is one of
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the most commonly used approaches for real-time forecasting problems (Evensen,
2009). In each assimilation step, a forecast from the previous model simulation is
used as a first guess, using the available observation this forecast is modified in
better agreement with these observations.

Ensemble-based data assimilation (Evensen, 1994, 2003) can be used to com-
pensate for the problems of employing inaccurate ESPs by continuously assimilat-
ing in situ observations to estimate volcanic ash concentrations. This approach
has been successfully applied in many atmospheric applications, such as weather
forecasting (Houtekamer and Mitchell, 2001) or ozone forecasting (Curier et al.,
2012). It has been proposed that for real-time applications, the ensemble size can
be limited to 10 – 100 for cost effectiveness (Barbu et al., 2009).

This thesis is the first study on volcanic ash data assimilation, which is aimed to
guide the followers on (1) how much ensemble-based data assimilation can con-
tribute to the ash forecasting/aviation community; (2) how to efficiently perform
an ensemble-based data assimilation method.

1.4. Volcanic ash measurements
Ensemble-based assimilation is an effective approach where valid real-life volcanic
ash measurements are necessary and required to guarantee the forecast accuracy.
Fortunately, during volcanic ash transport, different types of scientific measurement
campaigns are performed to gather information about the nature and occurrence of
the ash plume. The measurements contained e.g., ground-based lidar and ceilome-
ter measurements (Pappalardo et al., 2010; Wiegner et al., 2012), satellite obser-
vations (Stohl et al., 2011; Prata and Prata, 2012; Lu et al., 2016a), aircraft-based
measurements (Schumann et al., 2011; Weber et al., 2012; Schäfer et al., 2011),
ground-based in situ measurements (Emeis et al., 2011), balloon measurements
(Flentje et al., 2010) and ground-based remote sensing Sun photometer observa-
tions (Ansmann et al., 2010).

Among these measurements, aircraft-based measurements were obtained close
to the eruption plume, which are probably the most direct observations possible.
These aircraft-based data has some advantages compared with other types of mea-
surements: (1) The aircraft measurement is frequently obtained from the optical
particle counters which are equipped on the aircraft, thus the particle concentration
observation is real-time and directly detected and it has a higher accuracy. With an
error estimate of about 10 percent, which can be achieved by well calibrated instru-
ments (Weber et al., 2012), the accuracy of these observations is high compared
to for example satellite data, for which errors 50-60 percent are reported (Zehner,
2010). (2) The aircraft measurement is in situ which is suitable to be compared
directly to a 3-dimensional model state, whereas some other measurements such
as satellite data and LIDAR data observe optical properties being accumulated into
a single value per vertical column which cannot be compared directly to a 3D model
state. (3) An aircraft can decide the route in the sky to follow the ash cloud to
always get an appropriate ash concentration. And it can also decide to fly at differ-
ent altitudes, e.g., if we mainly care about the intercontinental commercial aircraft
safety, we can choose to fly at 9 km with a suitable research aircraft (which is com-
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monly the lowest height level for intercontinental commercial planes) to perform
measurements. Note that most national and maybe some continental passenger
flights are below 9 km altitude, while intercontinental flights are at 9 km and higher
altitude.

Besides aircraft measurements, satellite measurements are also of interest, be-
cause the detection domain is large and the output data is long-time continuous.
For example, the Spin Enhanced Visible and Infrared Imager (SEVIRI, on board the
Meteosat Second Generation (MSG) platform provides a large view coverage of the
atmoshere and earth’s surface from 70∘ S to 70∘ N and 70∘ W to 70∘ E (Schmetz
et al., 2002). There are 3712 × 3712 pixels covering the full-disk. Images can be
acquired for the whole disk every 15 minutes. These satellite data have been used
for many years to retrieve ash mass loadings in a dispersing volcanic plume (Zehner,
2010). Nowadays, ash mass loadings (Prata and Prata, 2012), the effective particle
size (Kylling et al., 2015) as well as the ash cloud top height (Francis et al., 2012),
are available in near real-time as satellite products during volcanic plume transport.

1.5. Research questions
As mentioned in the previous section, data assimilation has been identified as a
research priority for volcanic ash forecast and available volcanic ash measurements.
This thesis is aimed to investigate the improvements of volcanic ash forecasts using
ensemble-based data assimilation to assimilate the available measurements.

Aircraft measurement, as the most direct observations possible for volcanic ash
plume (as introduced in Section 1.4), will be first considered in this thesis. Previ-
ously (before the year 2015), the aircraft-based measurements were mainly used
for validation purpose of volcanic ash clouds (Weber et al., 2012), not involved in
data assimilation systems. This thesis will first assimilate aircraft-based measure-
ments in the ensemble-based data assimilation scheme. Thus the first research
question in this thesis is
RQ1: What is the potential benefit of assimilating aircraft measurements
in a volcanic ash data assimilation system?
To avoid irrelevant influences of long-distance transport on the assimilation results,
the focus of this invesigation was on the near-volcano areas where the uncertainties
on plume height and mass eruption rate have a large influence on the estimates of
the forecasted ash concentrations.

For distal volcanic ash plume, the eruption parameters hardly improve the fore-
casts over a long distance. A larger mass eruption rate may cause the distal volcanic
ash plume to spread stronger and wider after a long time period. But this potential
effect can be significantly influenced or even canceled out by a combination of a
number of elusive physical factors over a long time period such as wind speed and
direction. Thus the results on near-volcano areas cannot be directly employed for
far-volcano regions, e.g., central Europe in the case of a volcanic eruption in Ice-
land. Thus
RQ2: How to evaluate the improvements of aircraft data assimilation for
the distal volcanic ash foreasts and regional aviation advice?
is the second research question in this thesis.
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Because of the limited ensemble size, ensemble-based assimilation methods
often produce severe spurious covariances between measurements and state vari-
ables (Houtekamer and Mitchell, 1998; Anderson, 2001). This side effect implies
that the state variables (which are in fact independent with an observation) are
computed as dependent, resulting in an unphysical update. Over time, this will
lead to an erroneous reduction of ensemble variance which may significantly un-
derestimate the true variance and finally may lead to filter divergence (Anderson,
2001; Evensen, 2009). Covariance localization is a known approach to overcome
this problem (Petrie and Dance, 2010), but
RQ3: How can an accurate covariance localization for volcanic ash ap-
plication be chosen to remove spurious covariances due to using a finite
ensemble size in ensemble-based data assimilation?
remains unknown and will be investigated as the third research question in this
thesis.

To make the methodology of assimilating aircraft data efficient also in an opera-
tional (real-time) sense, the computational efforts must be acceptable (at least than
the Wall-clock). For volcanic ash assimilation problems, so far, no studies on the
computational aspects have been reported in the literature. Actually, when large
amounts of volcanic ash erupted into atmospheres, the computational speed of vol-
canic ash forecasts is just as important as the forecast accuracy (Zehner, 2010).
The accuracy of volcanic ash transport is aimed to be investigated based on the
research questions RQ1–RQ3, thus it is urgent to also consider the computational
aspect, i.e., improving the computational speed of the volcanic ash assimilation sys-
tem as fast as possible.
RQ4: How can the aircraft data assimilation be accelerated to provide
timely volcanic ash forecasts?
is the fourth research question of this thesis.

Besides aircraft data assimilation, the availability of satellite-based data (as in-
troduced in Section 1.4) provides us with an opportunity to employ data assimilation
with a VATDM to continuously correct the volcanic ash state, and then improve the
forecast accuracy of volcanic ash concentrations. There still exist difficulties on how
to efficiently use satellite-retrieved volcanic ash mass loadings, because a VATDM
is in most cases a 3D model, while the retrieved ash mass loadings are 2D data.
One 2D mass loading can be considered as an integral of ash concentrations along
a retrieval path (the path can be a line or a curve which depends on a specified
retrieval algorithm) (Prata and Prata, 2012). Thus, the 2D measurements are not
directly suited in a 3D data assimilation system.
RQ5: How can the 2D accumulated satellite retrieved measurements be
assimilated in an ensemble-based assimilation system?
is the fifth research question of this thesis. How to construct an operator to make
both types of information directly comparable remains an essential part for RQ5 to
efficiently use satellite data in ensemble-based assimilation systems.
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1.6. Organizations of this thesis
This thesis is organized as follows. Chapter 1 gives an overall motivation and intro-
duces the problems studied in this thesis. Chapter 2 introduces the LOTOS-EUROS
model to simulate volcanic ash transport, and also describes the methodology of
ensemble-based data assimilation. Chapter 3 studies the potential benefit of aircraft
observations in an ensemble-based assimilation system. Chapter 4 investigates the
improvements on the forecast accuracy and regional aviation advice with regard to
the distal volcanic ash plume. In Chapter 5, a two-way-tracking localization is pro-
posed to maintain the correctly specified physical covariances and to largely reduce
the spurious ones. In Chapter 6, a mask-state algorithm is proposed to acceler-
ate aircraft data assimilation. Besides previous aircraft data assimilation, Chapter 7
proposes a satellite observational operator (SOO) for satellite data assimilation, that
translates satellite-retrieved 2D volcanic ash mass loadings to 3D concentrations at
the top layer of the ash cloud. Finally, Chapter 8 summarizes the conclusions of
this thesis, and the recommendations for further study.





2
The LOTOS-EUROS model
and ensemble-based data

assimilation

For forecasting the volcanic ash transport after eruption onset, a volcanic ash
transport and diffusion model (VATDM) is needed.
The VATDM is run with Eruption Source Parameters (ESP) such as plume
height and mass eruption rate as input, and with a data assimilation tech-
nique to continuously improve the initial conditions of the forecast.
In this chapter, the LOTOS-EUROS model that is used to simulate volcanic
ash transport is described.
The methodology of ensemble-based data assimilation, such as the ensem-
ble Kalman filter (EnKF) and the ensemble square root filter (EnSR), is also
specified in this chapter.

Parts of this chapter have been published in:
(Fu et al., 2015): Assimilating aircraft-based measurements to improve Forecast Accuracy of Volcanic
Ash Transport, Atmospheric Environment, 115, 170-184. doi:10.1016/j.atmosenv.2015.05.061.
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2.1. The LOTOS-EUROS model
To simulate a volcanic ash plume, an atmospheric transport model is needed. In
this thesis, the LOTOS-EUROS (abbreviation of LOng Term Ozone Simulation – EU-
Ropean Operational Smog) model is used (Schaap et al., 2008) with model version
1.10 (http://www.lotos-euros.nl/). This model is an operational air-quality model,
used for daily air quality forecasts over Europe (Curier et al., 2012), focusing on
ozone, nitrogen oxides, and particular matter. In addition, it could be configured for
the other regions of the world. The model uses an off-line approach and is driven
by meteorological data produced by European Centre for Medium-Range Weather
Forecasts (ECMWF). Among the variables of ECMWF model fields, the most impor-
tant fields for volcanic ash modeling are the wind vectors (the “forecast” wind in an
operational sense, not “analysis”) since these describe the transport.

2.1.1. Domain
For the study of Eyjafjallajökull event, the model is configured on a domain from 45∘

to 70∘ North and 30∘ West to 15∘ East covering Iceland and North Europe (Figure
2.1). The grid resolution is 0.25∘ longitude × 0.125∘ latitude, approximately 12 ×
12 km. In the vertical direction, the model version used has 18 vertical layers. On
top of a surface layer of 25 m, three dynamic layers are present, where the lowest
dynamic layer represents the variable mixing layer with the height obtained from
the meteorological input, and the upper two dynamic layers are reservoir layers
with equal thickness; the top of the dynamic layers is set to 3.5 km. The remaining
14 layers have fixed altitudes with equal thickness of 1 km, which set the top to
17.5 km in total.
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Figure 2.1: LOTOS-EUROS simulation for Eyjafjallajökull volcano eruption plume.

2.1.2. Tracers
The LOTOS-EUROS model is used in a tracer mode to produce volcanic ash simu-
lations in a timely and useful manner for forecasting. In this thesis, we choose the
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2010 Eyjafjallajökull volcano eruption plume as the study case. The tracers used
in LOTOS-EUROS to simulate the ash plume are defined in the type S2 as defined
by Mastin et al. (2009), in which the mass fraction of erupted debris finer than 63
𝜇𝑚 is 0.4. The distributions of the coarse ash bines (ash_1 to ash_2) and the fine
ash bines (ash_3 to ash_6) are provided in Table 2.1, which is defined based on
the analysis of Durant and Rose (2009). According to Table 2.1, the volcanic ash
concentrations are described by 6 aerosol tracers (ash_1 to ash_6) to model the
plume transport.

Table 2.1: Volcanic Ash Particle Size Distribution and ash bins property for LOTOS-EUROS model simu-
lation.

Bins Particle Diameter Percent of Mass Average Particle Size (𝜇𝑚)
ash_1 250 to 2000 𝜇m 29 1125.00
ash_2 63 to 250 𝜇m 31 156.50
ash_3 30 to 63 𝜇m 12 46.50
ash_4 10 to 30 𝜇m 18 20.00
ash_5 2.5 to 10 𝜇m 8 6.25
ash_6 0.0 to 2.5 𝜇m 2 1.25

The volcanic ash concentration is described by 6 aerosol tracers as mentioned
above. The physical processes that are relevant for volcanic ash are similar as those
that apply for mineral dust, e.g., advective transport and diffusion, deposition, coag-
ulation, sedimentation, and resuspension (Langmann, 2013). Where the transport
is determined by the wind fields that could be regarded as rather well known, the
other processes deposition and sedimentation processes are rather uncertain. The
parameterizations for the later processes involve assumptions on the particle shape
for example, which is difficult to summarize in a few numbers. These processes act
on the distribution of the total ash mass over the modes (particle sizes) and the total
mass load; one could therefore state that almost everything in the description of an
ash cloud is uncertain, except for its shape and position. The processes included in
this thesis are transport, sedimentation, and wet- and dry-deposition. The relevant
properties for ash particles such as average particle size are listed in Table 2.1.
Deposition and sedimentation are implemented following Zhang (2001). Processes
that are missing yet are for example coagulation, and resuspension, which might
be considered in future when appropriate observations are available to constrain
them, for example sedimentation amounts.

2.1.3. Continuity equation
The model simulation on the domain is based on a discretization of the advection
diffusion equation:

𝜕𝐜
𝜕𝑡 = −∇ ⋅ (𝐮 ⋅ 𝐜 ) +

𝜕
𝜕𝐯 (𝝁𝐯

𝜕𝐜
𝜕𝐯 ) + 𝐄 − 𝐒(𝐜 ) (2.1)

where 𝐜 (the subscript “s” refers to the number of species) is the concentration
field of the volcanic ash bins (Table 2.1), 𝐮 (U, V, W) is the velocity field in three
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dimensions and U, V and W are the large scale wind components in respectively
West to East, South to North and vertical direction. In LOTOS-EUROS, U and V are
directly read from ECMWF wind field, while W are further calculated according to the
mass conservation law of incompressible fluids. 𝝁𝐯 represents the vertical diffusion
coefficient, which is defined using stability theory based on the meteorological input.

The advection part of Eq. (2.1) can be represented by 𝐀 = −∇ ⋅ (𝐮 ⋅ 𝐜 ), while
the diffusion part 𝐅 = 𝐯 (𝝁𝐯

𝐜
𝐯 ).

𝐒 accounts for sink processes including deposition and sedimentation. The erup-
tion source term 𝐄 represents emissions. The sink processes are the same as for the
other aerosols following Zhang (2001). The emission is discussed below in Section
2.1.4.

Eq. (2.1) can be described as a state-space form:

𝐱(𝑘) = 𝑀 (𝐱(𝑘 − 1)) (2.2)

Here in this thesis, state vector 𝐱 represents concentration vector 𝐜 and the state
space operator of the LOTOS-EUROS model is denoted by 𝑀 . This operator
computes the concentration vector 𝐜, which contains all considered components
for all grid cells, at time 𝑡 given the concentrations at time 𝑡 .

2.1.4. Emissions
To describe a volcanic eruption in the LOTOS-EUROS model, Eruption Source Pa-
rameters (ESP) such as Plume Height (PH), Mass Eruption Rate (MER) and Vertical
Mass Distribution (VMD) are needed. In (Mastin et al., 2009) ESPs for different
volcanoes are provided as a look up table. These ESPs could be used in a transport
model to simulate the ash plume. In this thesis, the LOTOS-EUROS model with
volcanic ash configuration has been used to simulate the April–May 2010 period of
activity from Eyjafjallajökull.

An important ESP is the Plume Height (PH). For the 2010 Eyjafjallajökull erup-
tion, the input parameter PH is taken from the real-time referred from hourly based
Icelandic Meteorological Office (IMO) plume height detection (every 5 minutes, see
Fig. 2.2) by Icelandic Meteorological Office (IMO) (Gudmundsson et al., 2012; We-
bley et al., 2012). Usually the uncertainty of PH is taken as 20 % (Bonadonna and
Costa, 2013).

For the Vertical Mass Distribution (VMD), large explosive volcanic plumes have a
typical ‘umbrella’ shaped vertical distribution (Sparks et al., 1997) and as such this
‘umbrella’ shaped VMD is adapted into LOTOS-EUROS in this chapter, see Fig. 2.3.

Another input parameter Mass Eruption Rate (MER) is usually very hard to mea-
sure for an explosive erupting volcano. Usually it is calculated from the plume
height. Mastin et al. (2009) did some studies on the parameter relationship and
concluded that an empirical relationship between MER (kg s ) and PH (km):

PH = 2.00V . , 𝑎𝑛𝑑 MER
V = 4.0𝑒

1.5𝑒 . (2.3)

where V (m s ) represents the volumetric flow rate. Mastin et al. (2009) estimated
the uncertainty of MER through this calculation is about 50%.
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Figure 2.2: Icelandic Meteorological Office [IMO] plume height detection from April to May, 2010. Cour-
tesy from IMO on-line database.
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Figure 2.3: The ‘umbrella’ vertical mass distribution (VMD) of ash cloud in LOTOS-EUROS. Shown in this
case is the vertical profile of an eruption with 10 km plume height.
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2.2. Ensemble-based data assimilation methodol-
ogy

To be able to provide an accurate forecast of volcanic ash transport, here we use
ensemble-based data assimilation to combine the model and the measurements
together. The detailed motivations and methodologies are specified below.

2.2.1. Motivations for using data assimilation
The motivations for using data assimilation is two-fold.

(i) The meteorological wind fields and estimates of Eruption Source Parameters
(Mastin et al., 2009) (ESPs) are needed as input to the VATDM model. A
VATDM uses physical parameterizations of source and removal processes that
affect the concentrations in the dispersing volcanic cloud. Aggregation of ash
particles and subsequent enhanced removal is an extremely important pro-
cess for estimating the atmospheric ash burden (Durant et al., 2010), yet this
process is not included in most dispersion models because of its complexity
and the demand on computation time (Folch et al., 2010). Without accurate
knowledge of the temporal variation of the mass eruption rate at the volcano
and particle removal rate in the atmosphere, it is not possible to provide ac-
curate quantitative forecasts of the ash concentrations arriving in the airspace
over a long distance (Prata and Prata, 2012). Data assimilation is needed to
provide this knowledge.

Table 2.2: Comparison of Total Mass in KT (10 kg) between the LOTOS-EUROS model and the WRF-
Chem model simulation of eruption of Eyjafjallajökull volcano in 2010.

Time LOTOS-EUROS WRF-Chem
00:00 (UTC) 15 April 11315.45 10648.4
00:00 (UTC) 17 April 5738.63 6729.2

(ii) Based on the ESPs described in Section 2.1.4, detailed validation with the
LOTOS-EUROS model has been made in (Fu et al., 2015), which evaluates
that the LOTOS-EUROS model is capable of modeling volcanic ash transport
problem. Table 2.2 implies that different VATDMs will provide different forecast
values because different models have different details, therefore only relying
on VATDM to make forecast is not sufficient, that is also another motivation
in this thesis for using assimilation to correct the LOTOS-EUROS simulation to
improve the forecast accuracy.

2.2.2. Motivations for using ensemble-based data assimilation
Ensemble-based data assimilation, which refers to the sequential use of the direct
measurements to create accurate initial conditions for model runs (Zehner, 2010),
is one of the most commonly used approaches for real-time forecasting problems
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(Evensen, 2009). In each assimilation step, a forecast from the previous model
simulation is used as a first guess, using the available observation this forecast is
modified in better agreement with these observations.

Thus, for the application of volcanic ash transport, ensemble-based data as-
similation (Evensen, 1994, 2003) can be used to compensate for the problems of
employing inaccurate ESPs by continuously assimilating in situ observations to es-
timate volcanic ash concentrations.

This explains why ensemble-based data assimilation is useful, and the detailed
methodology is discussed below.

The ensemble Kalman filter (EnKF) (Evensen, 1994) and the ensemble square
root filter (EnSR) (Evensen, 2004), as two main ensemble-based data assimila-
tion methods (Evensen, 2009), are used in this thesis to investigate the potential
improvements on volcanic ash state by continuously assimilating aircraft-based or
satellite-based measurements. Apart from EnKF and EnSR, other variants have
been introduced such as the ensemble Kalman smoother (EnKS) (Evensen and van
Leeuwen, 2000), and the reduced rank square root filter (RRSQRT) (Verlaan and
Heemink, 1997). Ensemble-based assimilation is easy to implement, suitable for
real-time estimation of concentrations and has a very general statistical formula-
tion.

The ensemble Kalman filter technique (EnKF), as the most known ensemble-
based data assimilation technique, is used to assimilate aircraft in situ measure-
ments from Chapter 3 to Chapter 6. In addition, EnKF is chosen because it can be
easily combined with covariance localization (Hamill et al., 2001). An accurate co-
variance localization is essential to reduce spurious covariances during assimilating
the less but accurate aircraft measurements. In Chapter 7 the ensemble square
root filter (EnSR), in most applications a more efficient method (Evensen, 2004)
than EnKF, is employed to assimilate the satellite-extracted in situ measurements.

2.2.3. The ensemble Kalman filter (EnKF)
EnKF essentially is a Monte Carlo ensemble-based method (Evensen, 2003), based
on the representation of the probability density of the state estimate in an ensemble
of 𝑁 states, 𝝃 , 𝝃 ,⋯ , 𝝃 . Each ensemble member is assumed to be a single sample
out of a distribution of the true state. The number of required ensemble members
depends on the complexity of the probability density function to be captured, which
is usually determined by the nonlinearity of the model and the description of the
involved uncertainties.

For volcanic ash assimilation, an ensemble size of 50 is considered acceptable
in terms of accuracy while keeping computation time within reach (see Chapter 3).
For application of the filter algorithm to the LOTOS-EUROS model, in the first step of
this algorithm an ensemble of 𝑁 volcanic ash states 𝝃 (0) is generated to represent
the uncertainty in the initial condition 𝐱(0). In the second step, the forecast step,
the LOTOS-EUROS model (with stochastic plume height) propagates the ensemble
members from the time 𝑘 − 1 to 𝑘, as defined in Eq. (2.4):

𝝃 (𝑘) = 𝑀 (𝝃 (𝑘 − 1)). (2.4)
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The state-space operator 𝑀 describes the time evolution from the time 𝑘 − 1
to 𝑘 of the state vector which contains the ash concentrations in the model grid
boxes. The filter state is a stochastic distribution with mean 𝐱 and covariance 𝐏
following:

𝐱 (𝑘) = [∑𝝃 (𝑘)]/𝑁, (2.5)

𝐋 (𝑘) = [𝝃 (𝑘) − 𝐱 (𝑘),⋯ , 𝝃 (𝑘) − 𝐱 (𝑘)], (2.6)

𝐏 (𝑘) = [𝐋 (𝑘)𝐋 (𝑘) ]/(𝑁 − 1), (2.7)

where the superscript “ ” represents the transpose of the matrix. In this thesis, the
forecast step is performed in parallel because of the natural/common parallelism
of the independent ensemble propagation, which is a trivial approach when em-
ploying ensemble-based data assimilation (Liang et al., 2009; Tavakoli et al., 2013;
Khairullah et al., 2013).

The observational network is defined by the observation operator 𝐻 that maps
state vector 𝐱 to observation space 𝐲:

𝐲(𝑘) = 𝐻 (𝐱(𝑘)) + 𝐯(𝑘), 𝐯(𝑘) ∼ 𝑁(0, 𝐑), (2.8)

where the observation error 𝐯 is drawn from a Gaussian distribution with zero mean
and covariance matrix 𝐑. Here, 𝐲 contains measurements of ash concentration and
𝐑 is filled in a diagonal matrix with the square of the standard deviation of 𝑦. The
operator 𝐻 then selects the grid cell in 𝐱 that corresponds to the observation loca-
tion. When measurements become available, the ensemble members are updated
in the analysis step using the Kalman gain:

𝐊(𝑘) = (𝐟 ∘ 𝐏 (𝑘))𝐇(𝑘) [𝐇(𝑘)(𝐟 ∘ 𝐏 (𝑘))𝐇(𝑘) + 𝐑] , (2.9)

𝝃 (𝑘) = 𝝃 (𝑘) + 𝐊(𝑘)[𝐲(𝑘) − 𝐇(𝑘)𝝃 (𝑘) + 𝐯 (𝑘)], (2.10)

𝐏 = (𝐈 − 𝐊𝐇)𝐏 , (2.11)

where 𝐯 represents realizations of the observation error 𝑣.
In Eq. (2.9), the covariance localization (Houtekamer and Mitchell, 1998, 2001)

is obtained using a Schur product 𝐟 ∘ 𝐏 (i.e., element-wise multiplication) in order
to reduce the spurious covariances caused by the finite ensemble size, which is
a general problem in ensemble-based data assimilation. The localization matrix 𝐟
is obtained by applying a localization function to the Euclidean distance between
two points. The covariances decrease to zero beyond a certain distance. This
distance-based covariance localization can easily be implemented for eliminating
the spurious covariances outside the localized region. For some applications (e.g.,
ozone, CO , sulfur dioxide), this approach has achieved an acceptable performance
with a simple setup using a constant localization parameter of 50–500 km (Curier
et al., 2012; Chatterjee et al., 2012; Barbu et al., 2009).
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2.2.4. The ensemble square root filter (EnSR)
To reduce the sampling errors introduced by adding random numbers 𝐯 to the
observations, the analysis step can be written in a square root form (Evensen,
2004; Sakov and Oke, 2008a,b). Using the notations 𝐘 = 𝐇𝐋 and 𝐒 = 𝐘𝐘 , the
updated covariance matrix becomes:

𝐏 = 𝐋 (𝐋 ) = 𝐋 (𝐈 − 𝐘 𝐒 𝐘)(𝐋 ) = 𝐋 𝐓𝐓 (𝐋 ) , (2.12)

thus 𝐋 can be represented by

𝐋 = 𝐋 𝐓 , (2.13)

where 𝐓 is an 𝑁 × 𝑁 matrix which satisfies: 𝐓𝐓 = 𝐈 − 𝐘 𝐒 𝐘. It can easily be
shown that there is a unique symmetric positive definite solution defined as the
square root of the symmetric positive definite matrix: 𝐓 = [𝐈−𝐘 𝐒 𝐘] . By using
the eigenvalue decomposition, the matrix 𝐓 has the following form:

𝐓 = 𝐂𝚲 𝐂 , (2.14)

where 𝐓 is referred as the symmetric factor. The symmetric algorithm defined
above introduces the smallest analysis increments for an arbitrary compatible norm.
The good performance of EnSR has been obtained on improving the forecast ac-
curacies without introducing additional sampling errors (Evensen, 2004; Sakov and
Oke, 2008a).

2.2.5. Framework
In this thesis, OpenDA (Open Data Assimilation, www.openda.org) software (van
Velzen and Verlaan, 2007) is used to implement EnKF/EnSR combining LOTOS-
EUROS model running with the aircraft/satellite measurements. The framework is
shown in Fig. 2.4. The reason why we choose it is because: (1) OpenDA is an open
interface standard for a set of tools, filters, and numerical techniques to quickly
implement data assimilation. (2) A model that conforms to the OpenDA standard
can use all the tools that are available in OpenDA. This allows experimentation
with data-assimilation methods without the need for extensive programming.(3)
OpenDA has been designed for high performance. Hence, even large-scale models
can use it. Thus for practical EnKF/EnSR implementation with lare-scale LOTOS-
EUROS model (van Velzen and Segers, 2010), OpenDA is powerful but not difficult
to be used and can quickly implement data assimilation method.
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OpenDA
Generic data assimilation software
(mainly java, developed by
TU Delft, VORTech, Deltares)

LOTOS-EUROS
Operational airquality forecast model
(mainly fortran, developed by
TNO, RIVM, KNMI, PBL)

Stochastic Observer
Volcanic ash observational module
(mainly fortran, developed by
TU Delft, TNO)

interface interface

Eruption Source Parameters
(e.g., plume height, mass eruption rate,
vertical distribution, particle size distribution)

Aircraft/Satellite measurements
(e.g., PM10, PM2.5 ash concentrations)

Volcanic Ash
Data Assimilation
System

Figure 2.4: The ensemble-based data assimilation framework
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Reliable and accurate ash measurements are crucial for providing a success-
ful ash clouds advice. In this chapter, simulated aircraft-based measure-
ments, as one type of volcanic ash measurements, will be assimilated into a
transport model to identify the potential benefit of this kind of observations
in an assimilation system.
The results show assimilating aircraft-basedmeasurements can significantly
improve the state of ash clouds, and further providing an improved forecast
as aviation advice. We also show that for advice of aeroplane flying level,
aircraft-based measurements should be preferably taken from this level to
obtain the best performance on it. Furthermore it is shown that in order to
make an acceptable advice for aviation decision makers, accurate knowledge
about uncertainties of ESPs and measurements is of great importance.

Parts of this chapter have been published in:
(Fu et al., 2015): Assimilating aircraft-based measurements to improve Forecast Accuracy of Volcanic
Ash Transport, Atmospheric Environment, 115, 170-184. doi:10.1016/j.atmosenv.2015.05.061.
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3.1. Introduction
For the purpose of using a data assimilation system to improve the initial condi-
tions of the the ash load, the volcanic ash measurements must be available near-
real-time. Flemming and Inness (2013) assimilated for example satellite retrievals
in a four-dimensional variation (4D-var) approach. Besides satellite observations
of volcanic ashes, many other different scientific measurement campaigns were
performed in order to get information about the ash plume, such as using lidars,
ceilometers, balloon sondes etc. Among these, also aircraft-based measurements
were obtained close to the eruption plume, which are probably the most direct
observations possible. In this chapter, the potential benefit of these kind of obser-
vations in an assimilation system is studied. The experiments consist of so-called
twin-experiments, where observations are simulated from model simulations and
fed into an assimilation system using the same model. In this setup it is a first step
towards assimilation of real observations, to obtain a first idea on how to use this
kind of observations and what their impact is in an assimilation system.

For employment of ensemble-based data assimilation, in situ measurements
are the optimal type of observations (Evensen, 2009). Although satellite measure-
ments are considered as the most commonly used volcanic ash observations based
on their large detection domain and long-time continuous output data, they are
not directly suited for data assimilation systems. This is because satellite obser-
vations are often not direct measurements of the quantity of interest, but optical
property measurements. Therefore the aerosol quantity needs to be derived by a
retrieval process or a complex observation operator. Moreover, satellite data are
often two-dimensional (2D), and thus lack sufficient vertical resolution (Bocquet
et al., 2015). Note that, some satellites can provide very detailed vertical infor-
mation on plumes (e.g., Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP)
lidar measurements) but are spatially sparse (Winker et al., 2012). Fortunately,
the in situ volcanic ash state variables can be directly and accurately measured
nowadays by means of airborne observations of volcanic ash (Weber et al., 2012).
These aircraft-based measurements can be obtained in the boundaries of volcanic
ash plume, which are probably the most direct volcanic ash observations possible.

Currently aircraft-based measurements are only used for validation purpose of
volcanic ash clouds (Weber et al., 2012), not yet involved in data assimilation sys-
tems. This chapter will study the use of aircraft-based measurements in data as-
similation with an ensemble Kalman filter (EnKF) algorithm. This chapter aims at
(1) investigating the performance of aircraft-based measurements in data assimila-
tion systems; (2) study the impact of measurements from different flight altitudes
on forecasts at aviation level; (3) discuss the influence of uncertainties in the ESPs
and measurements.

This chapter is organized as follows. Section 3.2 gives an introduction of the
aircraft-based measurements used in our assimilation experiments. Section 3.3
contains the assimilation results and the discussion on the results. Finally, the last
section summarizes the concluding remarks of our research.
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3.2. Aircraft-based measurements
3.2.1. Measurement description
During the period of eruption of the Icelandic volcano Eyjafjallajökull, a large num-
ber of different scientific measurement campaigns were performed to gather in-
formation about the nature and occurrence of the ash plume. The measurements
comprised for example LIDARmeasurements (Pappalardo et al., 2010; Tesche et al.,
2010; Groß et al., 2010; Miffre et al., 2010; Flentje et al., 2010), satellite observa-
tions (Stohl et al., 2011), groundbased in situ measurements (Schäfer et al., 2010;
Emeis et al., 2011), as well as balloon (Flentje et al., 2010) and aircraft based mea-
surements (Weber et al., 2010; Schumann et al., 2011; Bukowiecki et al., 2011;
Eliasson et al., 2011; Lolli et al., 2010). Aircraft-based measurements are of spe-
cial interest, because they allow sampling of the ash plume with a high temporal
and spatial resolution. Another beneficial aspect of aircraft measurements is that
they are more flexible than other type measurements, because usually the aircraft
is operated as a “state aircraft” enabling operations in otherwise closed air space
where the pilots are able to change the flight plan in-flight in direct contact with air
traffic control or wisely decide to follow the downwind ash trend to obtain the best
observations.

During the period of that eruption, the outskirts of the eruption plume were en-
tered directly by research flights (Fig. 3.1(a)), delivering most direct measurements
within the eruption plume during this eruptive event. All of the measurement flights
were equipped with optical particle counters for in situ measurements. Real-time
monitoring of the particle concentrations was possible during the flights and in situ
measurements from the eruption plume were obtained with high time- and spatial-
resolution. It has been proven that by entering the outskirts of the plume directly
the research aircraft can detect ash concentrations of up to 2000 𝜇g m (Weber
et al., 2012). That used to be considered as the highest concentration an aircraft
can endure at that time, because areas with ash concentration higher than 2000 𝜇g
m were classified as No Fly Zone (NFZ) (Zehner, 2010), which means the aircraft
flying in these areas can crash. However, recently 2000-4000 𝜇g m is classified
as medium level concentration (EASA, 2015). Many airlines are certified to operate
in this regime based on the application of Safety Risk Assessment. Therefore now
the highest concentration an aircraft can endure is updated to be 4000 𝜇g m
instead of 2000 𝜇g m .

Optical particle counters (OPC) were used for in situ ash concentration mea-
surements. The principle of OPC’s can be summarized as follows: Ash contami-
nated air is pumped through the OPC where the particles cross a continuous laser
beam. Every single particle causes a scattering/diffraction of the laser beam. This
is recorded by a detector that counts the particles, see Fig. 3.1(b). Moreover,
scattering/diffraction intensity of the laser beam is a measure for the size of the
particles. From that, the mass can be calculated, provided the density of the par-
ticles is known. A mean mass density of 2.65 𝑔𝑐𝑚 (Heim et al., 2008) for the
coarse mode ash particles is recommended to use by European Facility for Airborne
Research (EUFAR) for Eyjafjallajökull volcano ash.

In this chapter, the most interesting thing is how accurate OPC’s measurements
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(a) (b)

Figure 3.1: (a) Example of aircrafts used for volcanic ash measurements and (b) optical particle counter
OPC equipped on aircrafts. Courtecy from (Weber et al., 2012) and (Weber et al., 2010), respectively.

are, because the knowledge of uncertainties is crucial for a successful data as-
similation. Through a direct laboratory calibration experiment, in which the mass
concentration obtained with the OPC was compared with the absolute mass con-
centration gathered on a gravimetric filter, the deviation between the gravimetric
measurement and the OPC was about 10% (Weber et al., 2010) which can be taken
as the instrumental error for this type of measurements in well calibrated cases.

3.2.2. Model representation error
For assimilation of measurements with a simulation model, it is necessary to quan-
tify the model representation error. The model representation error is the difference
between the quantity that instrument tries to observe, and what the model could
represent in terms of its state. This does not include instrumental errors as defined
above, or model deficiencies such as inaccurate input parameters, but only the dif-
ference due the model being defined on a discrete grid with finite resolution and
simulations valid for discrete time steps.

The spatial resolution of the model used in this chapter is around 25 km × 25
km × 1 km, therefore the volume of one grid-box is about 625 km . Through model
processing, the concentration of one grid-box represents an average value for this
grid-box, while one aircraft-based measurement is a sample (a point value) in a 3
dimensional field. In this chapter, we choose the in situ measurement correspond-
ing to the grid-box average value. This approximation makes sense only when
two assimilated measurements are positioned in two different grid-boxes. This re-
quires that the assimilation frequency is not too high, so that the measurements
used in two sequential assimilation steps are in different grid-boxes. Moreover,
the assimilation frequency should also not be too low because a measuring aircraft
usually can work in the sky for less than 10 hours continuously (Weber et al., 2012;
Schumann et al., 2011). If an hourly assimilation frequency is chosen, then along
the whole route, only less than 10 measurements will be used, which is a waste
for other continuous measurements. Therefore based on the analysis above and
also considering the aircraft speed of 100-200 km/h (Weber et al., 2012) and the
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LOTOS-EUROS horizontal resolution, a 15 minutes assimilation frequency is chosen
in this chapter. Within 15 minutes, the aircraft can fly over about 2 grid-boxes in
the model, which guarantees different assimilated measurements are in different
grid-boxes. The model time step cannot be over the assimilation time step, hence
in this chapter, 15 minutes is also chosen to be one model time step, without loss
of generality. Note that if the research aircraft is faster or the horizontal resolution
is higher, the assimilation frequency can be chosen smaller than 15 minutes ( e.g.,
10 or 5 minutes which can be considered sufficient).

Through the settings defined above, the observation almost corresponds to one
model state in a grid-box, which means the representation error of the model is
probably small. For the moment we will there not explicitly specify a model repre-
sentation error, but implicitly assume that it is zero. Therefore, the total observation
representation error, defined as the sum of the instrumental error and the model
representation error, is taken as 10% in this chapter.

Since the knowledge about the uncertainties and representation errors of air-
craft measurements are known, data assimilation can now be used to combine
observations with the model to get an improved estimate of the ash load.

3.3. Assimilation results and discussions
3.3.1. Experimental setup
The EnKF is applied to the stochastic version of LOTOS-EUROS. The chapter com-
prises experiments with different settings for the uncertainty in parameters such as
plume height (PH), mass eruption rate (MER), particle size distribution (PSD) and
vertical mass distribution (VMD). In this chapter, the uncertainty of PH and MER are
taken as 20 % and 50 %, respectively (see Section 2.1.4). The stochastic version
of the model is built by considering these two uncertain parameters. The tempo-
ral correlation for a uncertain model parameter defines how the value at current
time is related to that at prior time. However, due to volcano inner fierce and fast
physical processes, the PH and MER could change very fast, and therefore taking
temporal correlation into account is not necessary and realistic. Therefore, in this
chapter, we consider PH and MER as temporal uncorrelated. Aircraft-based mea-
surements are used in the analysis step of the EnKF algorithm; the uncertainty in
the measurements has been investigated as a fixed standard deviation of 10 %,
see Section 3.2. This chapter focuses on studying how aircraft-based measure-
ment performs well in a data assimilation system, thus it is not necessary to use
real measurements. Therefore, the measurements in this chapter are designed
based on the real aircraft-based measuring campaigns (Weber et al., 2012). In
these campaigns, concentrations of ash with diameter 0 to 2.5 and 2.5 to 10 𝜇m
were observed, which from Table 2.1 respectively corresponds to ash_5 and ash_6
in this chapter.

From (Weber et al., 2012; Schumann et al., 2011), a measuring aircraft can
work in the sky for less than 10 hours continuously, so based on this condition, a
10 hour aircraft measurement experiment is designed. Note that in reality usually
an aircraft measurement mission is 4 to 6 hours, 10 hours is not very realistic,
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Figure 3.2: (a) Aircraft-based Measurements for ash_5 and ash_6. (b) is the designed route at 9 km
where the measuring aircraft enters the outskirts of ash plume, red and magenta lines represent different
flying directions to Reykjavik airport.
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but we use the duration of 10 hours in our twin experiments to evaluate effect of
assimilation over a longer time. The height of interest in this chapter is 9 km as
mentioned in Section 3.1. The flight routes are chosen at an altitude of 9 km, 7
km, 5 km, 3 km separately to study which level measurements provide the best air
traffic advisory for 9 km. The start time of Eyjafjallajökull eruption is set at 9:00
(UTC), 14 April 2010, and the aircraft-based measurements are designed to start
at 11:00 (UTC), 14 April 2010. The whole assimilation time is from 11:00 to 19:00
(UTC), 14 April 2010. The flying route is designed as shown in Fig. 3.2(c) based
on the fact that the measuring aircraft can enter the plume outskirt where the ash
concentration is less than 4000 𝜇g m (see Section 3.2.1). During this period,
measurements are taken every 15 minutes, see Fig. 3.2(a) and Fig. 3.2(b) taken
at 9 km for example.

From the start time to aircraft returning time, the simulation parameters are
set as introduced in Section 2.1. For evaluating the performance of assimilation,
twin experiments are designed with the Truth obtained as one realization of the
stochastic model by adding uncertainty 20 %, 50 % to PH, MER, separately. The
measurements are obtained through combining the Truth values with 10 % uncer-
tainty, see Fig. 3.2(a) and Fig. 3.2(b).

Table 3.1: Plume height and Eruption rate used in LOTOS-EUROS to generate the Truth for April 14-18,
2010.

Start Time – End Time Height ASL (km) Eruption Rate (kg/s)
4/14 09:00 – 4/14 11:00 8.8 5.23E+05
4/14 11:00 – 4/14 13:00 9.3 5.85E+05
4/14 13:00 – 4/14 15:00 7.8 3.98E+05
4/14 15:00 – 4/14 17:00 9.1 5.38E+05
4/14 17:00 – 4/14 19:00 8.5 4.41E+05
4/14 19:00 – 4/14 22:00 6.3 5.73E+04
4/14 22:00 – 4/15 01:00 4.8 3.13E+04
4/15 01:00 – 4/15 04:00 5.9 4.97E+04
4/15 04:00 – 4/15 17:00 5.0 5.07E+04
4/15 17:00 – 4/16 06:00 7.1 8.32E+04
4/16 06:00 – 4/16 19:00 6.8 8.15E+04
4/16 19:00 – 4/17 01:00 9.2 5.10E+05
4/17 01:00 – 4/17 07:00 8.0 3.12E+05
4/17 07:00 – 4/17 13:00 9.4 3.89E+05
4/17 13:00 – 4/17 19:00 7.9 2.97E+05
4/17 19:00 – 4/18 01:00 8.5 3.93E+05

The experiment procedure can be briefly summarized by stating that the model
run starts at 09:00 (UTC), 14 April, 2010 by considering the first initial condition
as zero. With the model propagating, the model result from previous time step is
taken as the initial condition for the next time step. When the model run arrives at
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11:00 (UTC), 14 April, the initial condition gets continuously modified by the data
assimilation process through combining all the aircraft-based measurements until
the time 19:00 (UTC), 14 April. Thus at this time, an analyzed state (which can
be taken as an initial condition for next model run) combining all aircraft measure-
ments of 8 hours can be obtained. Evaluation on this analyzed state will be given to
invastigate the possible improvement compared to simulation without assimilation.
In the remainder of the chapter, AnaSta and SimSta are used to denote the ana-
lyzed state (obtained with assimilation) and the simulation state (obtained without
assimilation), respectively. Thus, AnaSta ∶ ( ) denotes AnaSta at 19:00 (UTC),
14 April, 2010 and will be further used to forecast over multiple days (typically one
or two days according to NAME model forecast).

3.3.2. Assimilation experiments
Based on the setup above, an experiment is designed to test whether the analyzed
state AnaSta ∶ ( ) is improved through an 8 hours continuous assimilation of
aircraft-based measurements. For this experiment, the measuring aircraft flies at
the 9 km height and the ensemble size is chosen to be 50 in the EnKF system. Before
we show the result of AnaSta ∶ ( ), first how data assimilation continuously works
in this system is explained using Fig. 3.3 and Fig. 3.4.

Fig. 3.3 is the result of specific measurements at one location on 12:00 (UTC), 14
April, 2010. At this time, we can see from Fig. 3.2, the measuring aircraft location
is (11.75∘W, 65.625∘N, 9 km). In Fig. 3.3, the forecast of the ash concentrations
at this location in each of the 50 ensemble members shown. The concentrations
are distributed around the mean values (96.38 𝜇g m for ash_5, 24.80 𝜇g m
for ash_6) indicated by the black circle. At this time, the measurements of the
concentrations are (126.69 𝜇g m , 32.93 𝜇g m ) which is significantly different
from the forecast mean. Through assimilating these measurements at this time,
analysis values of ash_5 and ash_6 are obtained as (123.61 𝜇g m , 32.54 𝜇g
m ) which are much closer to the truth (135.88 𝜇g m , 33.88 𝜇g m ) than the
forecast mean. This result illustrates that the assimilated state better approximates
the truth than that without assimilation. Moreover, spread in the analysis ensemble
is smaller than that of the forecast ensemble, that means the error variance of
analysis value is reduced through assimilation.

Fig. 3.3 only shows the assimilation result at the measuring location, we cannot
see the influence of the assimilation on the whole plume. It is not clear whether
measurements from one location can influence the whole plume or not. Fig. 3.4 is
used to answer this question. In Fig. 3.4, without loss of generality the time 16:30
(UTC), 14 April, 2010 is chosen to show the result for the whole plume at 9 km.
Tru ∶ ( ) in Fig. 3.4 is the truth state, while FC ∶ ( ) is the forecast state and
AnaSta ∶ ( ) is the analyzed state. By comparing FC ∶ ( ) with AnaSta ∶ ( ),
we can see that with assimilating aircraft-based measurements at one location,
the difference between them only appears in a local area (approximatly the red
ellipse in Fig. 3.4) around the measuring location, while the results outside this
local area are hardly changed. This means that the assimilation process doesn’t
influence the entire plume, but only a local area around the measuring aircraft
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Figure 3.3: Assimilation at one location.

location. Note that this is achieved without explicit enforcing of localization as for
example in (Houtekamer and Mitchell, 1998). In the chosen setup without temporal
correlation (see Section 3.3.1), the ensembles consist of patterns that arise from
uncertainties during a single time step. The spatial impact of observations from
a single location is therefore bounded to an area where ashes present have been
emitted during a short period. Moreover, in this local area, AnaSta ∶ ( ) is much
closer to Tru ∶ ( ) than FC ∶ ( ). This shows that through each assimilation,
the state within a local area is improved. Therefore with a continuously assimilation
using aircraft-based measurements of changing locations, the states in a large area
around the measuring flight route will be improved, as shown in Fig. 3.2(c).

Next, the experiment result of AnaSta ∶ ( ) is shown in Fig. 3.5. Tru ∶ ( )
is the Truth at 19:00 (UTC), 14 April, 2010 which is implemented based on Ta-
ble 3.1. SimSta ∶ ( ) is the simulation result without assimilating aircraft-based
measurements. AnaSta ∶ ( ) is the assimilation result at this time with assim-
ilating aircraft-based measurements (detailed settings are in Section 3.3.1). Big
differences can be observed between Fig. 3.5(a) and Fig. 3.5(b). The difference
is caused by implementing with different PH and MER. In reality, Tru ∶ ( ) is un-
known, thus SimSta ∶ ( ) is used as the initial condition for the forecast over
multiple days. AnaSta ∶ ( ) is that with continuously assimilating aircraft-based
measurements. Comparing AnaSta ∶ ( ) and SimSta ∶ ( ), we can see both of
them overestimate the truth, but AnaSta ∶ ( ) is much closer to Tru ∶ ( ) and
the overestimation is much lower than SimSta ∶ ( ). This means the state after
assimilating aircraft-based measurements is much more accurate than that without
assimilation.
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Figure 3.4: Assimilation results during continuously assimilation (red ellipse represents a local area
where the assimilation can influence). (a) Tru ∶ ( ), (b) FC ∶ ( ) and (c) AnaSta ∶ ( ).
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Figure 3.5: Comparison of results with and without assimilating aircraft-based measurements. (a)
Tru ∶ ( ), (b) SimSta ∶ ( ) and (c) AnaSta ∶ ( ).
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Now we have verified that through continuously assimilating aircraft-based mea-
surements, an improved state is obtained. There are two main reasons that explain
why it performs very well: (a) The measuring aircraft always follows the ash flow-
ing trend and enters the plume outskirt to measure concentration. This movable
aircraft-based measuring path makes the measurements always informative and
useful for data assimilation; (b) the uncertainty knowledge of PH, MER and the
measurements is known, which is important for EnKF to generate proper ensem-
bles.

AnaSta ∶ ( ) can be used as an initial condition to do forecast over multiple
days to see the possible improvement in advisories to aviation. Without loss of
generality, the forecast at 00:00 (UTC) 15 April is chosen as illustration in Fig.
3.6. FC ∶ ( ) and FC ∶ ( ) are used to represent the forecast initiated with
SimSta ∶ ( ) and the forecast with AnaSta ∶ ( ) as an initial condition.
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Figure 3.6: Comparison of Volcanic Ash Forecast with assimilating aircraft-based measurements and
without assimilation. (a) Tru ∶ ( ), (b) FC ∶ ( ) and (c) FC ∶ ( ).

In Fig. 3.6, at time 00:00 (UTC) 15 April, 2010, we can see FC ∶ ( ) better
approximates Tru ∶ ( ) than FC ∶ ( ). The result shows the forecast accuracy
is improved through assimilating aircraft-based measurements. Note that in Fig.
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3.6(a), the plume does not appear south of Iceland, it means in this area the ash
plume is below the altitude of 9 km. In real life, the truth is unknown, thus usually
Fig. 3.6(b) is used to provide advice to decision makers. In this experiment, if
we use FC ∶ ( ) for the advice, then it will be that at 9 km ash concentrations
in West-North areas outside Norway are higher than 6000 𝜇g m . Whereas in
fact this advice is inaccurate compared to the truth which shows in these areas
ash concentrations are lower than 4000 𝜇g m . This clearly shows only using
simulation to provide advice is not sufficient for decision makers. Fig. 3.6(c) is the
assimilation forecast combining 8 hours continuous aircraft real-time measurements
(Fig. 3.2). The only difference between Fig. 3.6(c) and Fig. 3.6(b) is that Fig.
3.6(c) assimilates aircraft-based measurements. From Fig. 3.6(c), we can get an
accurate advice with a much closer to truth estimate at 00:00 (UTC) 15 April, where
ash concentrations in all the areas at 9 km are lower than 4000 𝜇g m . This is a
big improvement compared to Fig. 3.6(b).

In this experiment, through initiation with AnaSta ∶ ( ), the forecast of vol-
canic ash transport has been significantly improved. This tells us for volcanic ash
forecast, with a good state obtained from assimilating aircraft-based measure-
ments, it can provide an improved advice for aviation. In the following, two other
experiments are designed to study (1) for the interested advice at height level
of 9 km, at which altitude the aircraft should fly to give the best analyzed state
AnaSta ∶ ( )? (2) how important is having a good knowledge of uncertainties in
parameters PH, MER and measurement?

3.3.3. Experiments with different flight levels
In this experiment, measurements are simulated at different altitudes as 7 km, 5 km,
3 km, respectively. The interested level is still 9 km as in last experiments and Fig.
3.7(a), Fig. 3.7(b) and Fig. 3.7(c) are the designed aircraft measurement routes
at different heights 3 km, 5 km, 7 km, respectively. The performance of assimilat-
ing these measurements compared with the 9 km measurements is shown in Fig.
3.8. We extend AnaSta ∶ ( ) to AnaSta ∶ ( ), AnaSta ∶ ( ), AnaSta ∶ ( )
and AnaSta ∶ ( ) to represent the analyzed state at 19:00 (UTC) 14 April, 2010
through assimilating aircraft-based measurements from heights 3 km, 5 km, 7 km
and 9 km, respectively. Tru ∶ ( ) is the truth and SimSta ∶ ( ) is the simulation
result without assimilation. From Fig. 3.8(c) to Fig. 3.8(f), we can see that all
cases with different altitude perform worse than the 9 km case, and some of them
(3 km case and 5 km case) are even worse than the case without assimilation.

From these comparison, we can get that the locations (flight levels in this chap-
ter) of aircraft-based measurements are crucial for providing a more accurate ana-
lyzed state on interested level. The best AnaSta ∶ ( ) is that assimilating aircraft-
based measurements from the same flight level with interested level. Furthermore,
Fig. 3.8(e) is also shown to perform an improvement compared to the case without
assimilation. Thus based on AnaSta ∶ ( ) we can also obtain an improved ad-
vice where the overestimation of ash concentrations has been reduced compared
to SimSta ∶ ( ).

Through this experiment, two conclusions can be drawn that (1) in order to get
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Figure 3.7: Designed aircraft-based measurements on different flight levels (a) 3 km, (b) 5 km and (c)
7 km.

the best analyzed state on the interested commercial aeroplane level with assimila-
tion, the aircraft-based measurements should be preferably taken at the same level
of height; (2) If this level measurements can not be provided, through assimilating
measurements from close levels, an acceptable analyzed state can still be obtained.

3.3.4. Uncertainties in plume height, mass eruption rate and
measurement

This experiment is undertaken to investigate the importance of having a good
knowledge of uncertainties for assimilating aircraft-based measurements. In this
chapter, the uncertainties of PH, MER and measurements are considered to be 20
%, 50 % and 10 % respectively as discussed in Section 3.3.1. However, if the
uncertainty information can not be well estimated, how will the assimilation per-
form? What are the consequences due to overestimation and underestimation of
uncertainty? Which uncertainty information is of most importance for ash forecast?
To answer these three questions, we modify the three uncertainties in the exper-
iment one by one and evaluate the performance. For evaluating influence of one
uncertainty, we change its uncertainty with underestimation and overestimation,
separately, while, we keep uncertainties of other two unchanged. The results are
summarized in Fig. 3.9.

Fig. 3.9(g) is the truth, Fig. 3.9(h) is the analyzed state through assimilating
aircraft-based measurements with the correct uncertainty information of PH, MER
and measurement. Fig. 3.9(a) and Fig. 3.9(d) are the results with the wrong
PH uncertainty of 10 % and 30 %, respectively. Similarly, Fig. 3.9(b) and Fig.
3.9(e) are results with the wrong MER uncertainty of 30 %, 70 %; Fig. 3.9(c) and
Fig. 3.9(f) are results with the wrong measurement uncertainty of 1 % and 30 %
respectively. We extend a superscript in AnaSta ∶ ( ) as PH10, PH30, MER30,
MER70, meas01 and meas30 to represent these different cases, respectively.

The result in Fig. 3.9 shows that AnaSta ∶ ( ) with the correct uncertainties
has the best performance to approximate the truth. All the other assimilation results
are inferior to AnaSta ∶ ( ). Among them, some have very strong overestimation
such as AnaSta ∶ ( ), AnaSta ∶ ( ) and AnaSta ∶ ( ). Based on these results,
the answer to the first question is that when the uncertainty information is not
well estimated, the assimilation accuracy cannot be guaranteed. In order to get
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Figure 3.8: AnaSta ∶ ( ) Comparison with assimilating aircraft-based measurements taken from dif-
ferent flight levels. (a) Tru ∶ ( ), (b) SimSta ∶ ( ), (c) AnaSta ∶ ( ), (d) AnaSta ∶ ( ), (e)
AnaSta ∶ ( ) and (f) AnaSta ∶ ( ).
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Figure 3.9: AnaSta ∶ ( ) implemented with different uncertainties of PH, MER and measurement.
(a) AnaSta ∶ ( ), (b) AnaSta ∶ ( ), (c) AnaSta ∶ ( ), (d) AnaSta ∶ ( ), (e) AnaSta ∶ ( ), (f)
AnaSta ∶ ( ), (g) Tru ∶ ( ) and (h) AnaSta ∶ ( ).
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a better analyzed state in data assimilation systems, the uncertainties of PH, MER
and measurement should be obtained as accurate as possible, otherwise analyzed
state can become very unacceptable.

The second question is to investigate the consequences due to overestimation
and underestimation of uncertainties. Fig. 3.9(a), Fig. 3.9(b) and Fig. 3.9(c)
are forecast with underestimated uncertainty of PH, MER and measurement, re-
spectively. Whereas Fig. 3.9(d), Fig. 3.9(e) and Fig. 3.9(f) are the cases with
overestimated uncertainties. The result shows for uncertainties of PH or MER,
overestimation can provide a better result, while for uncertainties of measurement,
underestimation is better. This knowledge is of practical importance because when
we are not sure about some parameter uncertainties in real-life assimilation, this
investigation can give a guidance for choosing reasonable initial uncertainties.

Finding the most important uncertainty is equal to investigate which one is the
most sensitive to forecast accuracy. For this, we first introduce a measure for
sensitivity of accuracy, which is defined as:

(𝑆𝑒𝑛𝐴𝑐𝑐𝑢) =
|(𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑠𝑠) (𝑖) − (𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑠𝑠) (𝑗)|

|(𝑈𝑛𝑐𝑒𝑟𝑡) (𝑖) − (𝑈𝑛𝑐𝑒𝑟𝑡) (𝑗)| , (3.1)

where 𝑝means one of the parameters PH, MER, measurement, 𝑖 and 𝑗means imple-
mentations with parameter uncertainties. Moreover, (𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑠𝑠) and (𝑈𝑛𝑐𝑒𝑟𝑡)
represent total mass and parameter uncertainties corresponding to some parame-
ter 𝑝. Using Eq. (3.1), we can get sensitivities of PH, MER and measurement as:
(𝑆𝑒𝑛𝐴𝑐𝑐𝑢) = 15.74, (𝑆𝑒𝑛𝐴𝑐𝑐𝑢) = 12.69 and (𝑆𝑒𝑛𝐴𝑐𝑐𝑢) = 25.52.
So the parameter sensitivity in descending order is measurement, MER and PH.
Thus, the most sensitive parameter for assimilation is measurement whose uncer-
tainty is the most important uncertainty for achieving an accurate analyzed state.
Therefore, we should be very careful about defining measurement uncertainty, a
slight overestimation can already cause a big inaccuracy.

3.4. Conclusions
In this chapter aircraft-based measurements have been assimilated in a ensemble-
based data assimilation system to provide volcanic ash transport forecast. Our
goals were to improve ash transport forecast accuracy through assimilating aircraft-
based measurements, and to study the impact of measurements from different
flight heights and the influence of uncertainties in PH, MER and measurements.

Twin experiments were carried out to evaluate the assimilation results. The re-
sults showed through assimilating aircraft-based measurements, the forecast of vol-
canic ash transport can be significantly improved. The accurate advice of aeroplane
flying safety was made through the assimilation forecast, whereas the simulation
result gave a wrong advice.

Another experiment revealed that for the interested advice level 9 km, the
aircraft-based measurements should be taken at this level. However, when at this
level measurements can not be provided, through assimilating measurements from
close levels, an acceptable advice can still be obtained. Through comparing assim-
ilation result of correct PH, MER and measurement uncertainty with those of wrong
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uncertainty information, we found that assimilating aircraft-based measurements
only can perform well with sufficient knowledge of the statistics of the uncertain-
ties. Otherwise, accurate assimilation results cannot be guaranteed. One thing
needs to be mentioned that from this chapter, we investigated measurement is
the most sensitive parameter for our assimilation system, which only means for as-
similating aircraft-based measurements, not for all the other assimilation systems
such as assimilating satellite measurements. For these assimilation systems, the
sensitivity of parameters still needs to be investigated.



4
Model-based aviation advice
on distal volcanic ash clouds

The forecast accuracy of distal volcanic ash clouds is important for provid-
ing valid aviation advice during volcanic ash eruption. However, because
the distal part of volcanic ash plume is far from the volcano, the influence
of eruption information on this part becomes rather indirect and uncertain,
resulting in inaccurate volcanic ash forecasts in these distal areas.
In this chapter, we use real aircraft in situ observations, measured in the
North-West part of Germany during the 2010 Eyjafjallajökull eruption, in
an ensemble-based data assimilation system combined with a volcanic ash
transport model to investigate the potential improvement on the forecast ac-
curacy with regard to the distal volcanic ash plume. We show that the error
of the analyzed volcanic ash state can be significantly reduced through as-
similating real in situ measurements. After a continuous assimilation, it is
shown that the aviation advice for Germany, the Netherlands and Luxem-
bourg can be significantly improved. We suggest that with suitable aircrafts
measuring once per day across the distal volcanic ash plume, the description
and prediction of volcanic ash clouds in these areas can be greatly improved.

Parts of this chapter have been published in:
(Fu et al., 2016a): Model-based aviation advice on distal volcanic ash clouds by assimilating aircraft in
situ measurements, Atmospheric Chemistry and Physics, 16 (14), 9189-9200. doi:10.5194/acp-
16-9189-2016.
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4.1. Introduction
Currently a lot of approaches, employing satellite-based (Prata and Prata, 2012;
Stohl et al., 2011; Lu et al., 2016b) or ground-based (Emeis et al., 2011) measure-
ments, focus on improving the estimation of Eruption Source Parameters (ESPs)
such as plume height and mass eruption rate. These are very important for a good
estimation of volcanic ash emission. However, for the volcanic ash plume far from
the volcano which could be very important for local aviation, more accurate ESPs
alone will not be very useful. This is mainly because (1) compared to ESPs, the
plume transport becomes more and more dominant as the distance to the volcano
increases (Macedonio et al., 2016); (2) the small errors in ESPs can accumulate into
large errors in predicted ash concentrations after a large transport distance (Web-
ster et al., 2012). Therefore, additional observation data, e.g., direct observations
of distal volcanic ash plume must be employed to improve the aviation advice over
continental Europe.

The benefit of aircraft in situ observations in an ensemble Kalman filter (EnKF)
system has been studied in Chapter 3. It was shown using so-called twin exper-
iments that ensemble-based data assimilation is in principle able to combine the
aircraft in situ measurements with a volcanic ash transport and dispersion model
(VATDM) to make improvements on volcanic ash estimation close to the eruption
location. In that study, the focus was on the near-volcano areas where the uncer-
tainties on plume height and mass eruption rate turned out to have a large influence
on the estimates of the forecasted ash concentrations. However, for distal volcanic
ash plume, these eruption parameters hardly improve the forecasts over a long
distance. A larger mass eruption rate may cause the distal volcanic ash plume to
spread stronger and wider after a long time period. But this potential effect can
be significantly influenced or even canceled out by a combination of a number of
elusive physical factors over a long time period such as wind speed and direction.
Thus the results on near-volcano areas cannot be directly employed for far-volcano
regions, e.g., central Europe in the case of a volcanic eruption in Iceland. In ad-
dition, the aircraft in situ measurements used in the previous studies were self-
designed (artificial) based on model simulations from which actual conditions might
differ significantly. For example, using data of a period of 10 hours by an aircraft
gives accurate assimilation results. But in practical situations, a continuous aircraft
measurement mission is at most 3 or 4 hours, thus it is still uncertain whether
the assimilation can produce significant effect with a shorter measurement mis-
sion. Therefore, in case of real aircraft in situ measurements, it remains unknown
whether the ensemble-based data assimilation still has significant improvements
on the distal part of volcanic ash clouds and how long the influence will last. The
answers of these questions will lead us to a solution for evaluating distal volcanic
ash clouds and further provide accurate aviation advice. This chapter aims at in-
vestigating these questions. Note that, the term real aircraft measurements in this
chapter refer to authentic measurements obtained by real aircrafts. This is to distin-
guish the artificial aircraft measurements as used in Chapter 3. Another term distal
volcanic ash plume is used to clarify the chapter focuses on volcanic ash forecasts
far from the volcano, i.e. continental Europe in this study.
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This chapter is organized as follows. The assimilation experiments with real
aircraft in situ measurements on distal volcanic ash clouds are specified in Section
4.2. Section 4.3 validates the performance of real data assimilation. Section 4.4
contains the benefit of the improved forecasts of distal ash plume on aviation advice,
and also how much and how long the benefit has effect. Finally, the last section
summarizes the concluding remarks of our research.

4.2. Sequentially assimilating real aircraft in situ
measurements for distal volcanic ash clouds

4.2.1. Real aircraft in situ measurements
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Figure 4.1: Aircraft in situ measurements of distal volcanic ash plume. a, The LOTOS-EUROS
simulation of volcanic ash plume at 11:10 UTC, 18 May 2010. b, Measuring aircraft flight route on
18 May 2010. c, PM and PM . measurements from 09:30 UTC to 11:10 UTC. d, PM and PM .
measurements from 12:30 UTC to 15:10 UTC. In c and d, the curves show the values of PM and PM .
measured at a frequency of every 6 seconds. The values marked with a star are the averaged PM and
PM . (average every 10 minutes) which are used in the LOTOS-EUROS model in accordance with the
model simulation step (10 minutes).

In this chapter we used the aircraft-based measurements taken by one mea-
surement flight on 18 May, 2010 performed by the group Environmental Measure-
ment Techniques at Duesseldorf university of Applied Sciences. The measurements
took place in the North-West part of Germany including the border between the
Netherlands and Germany, see Fig. 4.1d (the red rectangular area in Fig. 4.1a).
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The aircraft took off from the airfield “Schwarze Heide” in the Northern part of the
Rhein-Ruhr area, headed along the Dutch border in the direction of the North Sea,
continued towards Hamburg and then returned to the airfield. Along the route,
concentrations of PM and PM . (corresponding to ash_5 and ash_6 in Table 2.1)
were measured, see Fig. 4.1e and 4.1f.

4.2.2. Experimental Setup
The ensemble Kalman filter (EnKF) is used in this chapter to assimilate real aircraft
in situ observations. The LOTOS-EUROS model run starts at 09:00 UTC 14 April
2010 by considering a zero initial condition, equivalent to an assumption of “no ash
load yet”. The volcanic ash is released during the first guess forecast based on
the defined ESPs (PH, MER, VMD, PSD), as discussed in Section 2.1.4. The model
state propagates along the numerical simulation with a time step of 10 minutes),
then the model result is taken as an initial state for the next time step. When the
model run arrives at 09:40 UTC 18 May, the ash state of volcanic cloud starts to be
continuously corrected by data assimilation through combining real aircraft-based
measurements taken along the Dutch border until the time 11:10 UTC 18 May.

Since the real measurements of the PM and PM . concentrations are avail-
able and the uncertainties of this type of measurements are approximately known,
ensemble-based data assimilation can be used to combine them with the LOTOS-
EUROS model to reconstruct optimal estimates.

4.2.3. Evaluation of real data assimilation
It is first examined how the data assimilation actually performs in the system. Fig.
4.2 shows the measurements, the mean of the ensemble members, as well as the
forecast and the analysis of selected ensemble members. From the estimation of
both volcanic ash components PM and PM . (Fig. 4.2a and Fig. 4.2b), we find
the forecast mean largely overestimates the measurement at every time step, but
the overestimation diminishes by the assimilation process significantly. Instead,
the analysis mean consistently approximates (“very close”) the measurements with
a high accuracy. This result illustrates that the assimilation at the measurement
location is able to approximate the observed values and also solves the problem of
overestimation. Moreover, at the measurement location, the spread in the analysis
ensembles is much smaller than that in the forecast ensembles, which means the er-
ror variance of analysis value at the measurement locations is significantly reduced
through the use of assimilation. This is because aircraft in situ measurements are
of high accuracy. Note that, Fig. 4.2a and Fig. 4.2b only show the ensemble mean
and the spread of the ensembles at the measuring locations. However, we also
want to know how much impact assimilation of aircraft in situ measurements can
have on a wide area of the distal volcanic ash plume. If the impact is only limited
to the measurement locations or only a small nearby area of ash plume, there will
be no significant improvement in terms of aviation advice because flights need a
rather large domain for safety guarantee.

In order to further investigate this effect, we first show the ensembles of un-
certain volcanic ash simulations (see Fig. 4.2c and Fig. 4.2d), which correspond to



4.2. Sequentially assimilating real aircraft in situ measurements for distal
volcanic ash clouds

4

41

09:30 09:50 10:10 10:30 10:50 11:10

0

200

400

600

800

1000

Time, (UTC)

P
M

10
 C

on
ce

nt
ra

tio
n,

 (µ
g 

m
−3

)

Date : May 18 , 2010.

 

 

forecast mean

analysis mean

measurements

forecast ensembles

analysis ensembles

09:30 09:50 10:10 10:30 10:50 11:10

0

50

100

150

200

250

300

350

Time, (UTC)

P
M

2.
5 C

on
ce

nt
ra

tio
n,

 (µ
g 

m
−3

)

Date : May 18 , 2010.

 

 

forecast mean

analysis mean

measurements

forecast ensembles

analysis ensembles

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

forecast ( ensemble member 8 )

Height : 3 km
−4 −2 0 2 4 6 8 10 12 14

47

48

49

50

51

52

53

54

55

56

57

58

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

forecast ( ensemble member 21 )

Height : 3 km
−4 −2 0 2 4 6 8 10 12 14

47

48

49

50

51

52

53

54

55

56

57

58

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

analysis ( ensemble member 8 )

Height : 3 km
−4 −2 0 2 4 6 8 10 12 14

47

48

49

50

51

52

53

54

55

56

57

58

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

analysis ( ensemble member 21 )

Height : 3 km
−4 −2 0 2 4 6 8 10 12 14

47

48

49

50

51

52

53

54

55

56

57

58

a b

c

d

Figure 4.2: Assimilation effect from 09:40 UTC to 11:10 UTC, 18 May, 2010. a and b, Volcanic
ash concentrations of PM and PM . at measurement locations. c and d, Volcanic ash ensemble state
(ensemble member 8 and 21) of forecast and analysis at 11:10 UTC. The measurements, ensembles
and mean of forecast and analysis are shown in a and b. In c and d, the area of interest is marked
as red rectangular in Fig. 4.1a. The evaluation height is chosen at 3 km since the measurements are
taken at altitudes around this height, see Section 4.2.1.
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the ash distribution at 11:10 UTC 18 May 2010 before and after assimilation. Note
that, this chapter focuses on the distal volcanic ash plume, thus only the area of
the whole plume marked as red rectangular as shown in Fig. 4.1a is of interest.
Without loss of generality, ensemble member 8 and 21 are chosen for illustrating
the ensemble spread of the distal ash plume. Through comparing different ensem-
ble members with respect to the forecast at 11:10 UTC (Fig. 4.2c), the ensemble
forecast member 21 is shown to be very different from the member 8 in almost all
the complete distal plume, thus the large error of the forecast is not only at mea-
surement locations, but also in a large area around the measurement. Compared
to the forecast, ensembles of analysis state (Fig. 4.2d) show no large differences
across the entire domain of interest. This tells us that assimilating aircraft mea-
surements effectively reduce the ensemble spread of the whole distal ash plume,
which is a sign of consistency to the measurement locations.

Next, we investigate the assimilation impact on the ensemble mean over the
distal volcanic ash plume. Fig. 4.3 shows examples of the mean at 09:40 UTC and
11:10 UTC 18 May with and without assimilating aircraft measurements. Compared
to the case without assimilation at 11:10 UTC (Fig. 4.3b), large differences can be
observed in the simulation results with a continuous assimilation (Fig. 4.3d). Note
that areas with ash concentration higher than 4000 𝜇g m are classified as No
Fly Zone (NFZ) (EASA, 2015), which means aviation in these areas is not allowed.
After the assimilation process, the calculated volcanic ash concentrations in Ger-
many, Luxembourg and the Netherlands (except in Northern Netherlands) have a
lower concentration level (lower than 3000 𝜇g m ) and the changes on volcanic
ash state can be seen across a wide area. This is because the volcanic ash state
variables become dependent and correlated due to the transport process (advection
and diffusion) and the temporal correlation of emission, see Chapter 3. Thus in a
fairly large domain, the state change at measurement location also influences state
variables in surrounding areas. This is caused by the chosen localization radius
of 500 km in the assimilation process. Further, the downwind direction includes
influenced state variables due to the transport of earlier corrected ash concentra-
tions, especially regarding forecasts later than the assimilated time steps. Note
that after a careful check on the wind field around the aircraft route, the term
“downwind” direction means the direction of “South-East”, which will be used in
the following discussions. Another note is that the differences between with and
without assimilation are not obtained in one-time, but step by step with assimilating
measurements over a period of one and a half hours from 09:40 UTC to 11:10 UTC.
This can be seen from the assimilation results at 09:40 UTC and 11:10 UTC (Fig.
4.3c and Fig. 4.3d) where clear differences (Fig. 4.3e and Fig. 4.3f) between the
two times can be observed and the effect of the assimilation at 09:40 UTC is less
pronounced than at 11:10 UTC. This shows that after a continuous assimilation of
aircraft measurements, the differences with the original simulation are the result of
an accumulation of all previous assimilation effects. This analysis also tells us that
all the assimilation steps are important for the final result and that only using one
or two measurements does not produce accurate results.
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Figure 4.3: Comparison with and without assimilating aircraft in situ measurements on 18
May 2010. a and b, Simulation results without assimilation at 09:40 UTC and 11:10 UTC. c and d,
Simulation results with assimilation at 09:40 UTC and 11:10 UTC. e, Differences of a and c. f, Differences
of b and d. The differences are in absolute values which are obtained by numerically subtracting the
values between a and c, or b and d. e and f represent the areas where the assimilation has effect.
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4.3. Validation of assimilation performance
Based on the analysis above, significant differences between volcanic ash simula-
tions without and with assimilation have been revealed. To examine whether the
assimilated results are indeed more accurate than the model results, a further val-
idation must be conducted. Fig. 4.4a and Fig. 4.4b show the comparison of the
forecasted volcanic ash plumes with and without assimilation. The basic idea of
this validation is to compare future in situ measurements with the forecast of the
volcanic ash plumes initiated with Fig. 4.3b and Fig. 4.3d. After the assimilation
process, the assimilation influenced region temporally propagates to the downwind
direction due to the meteorological drive (wind speed and direction). Thus the fore-
casted downwind ash concentrations are influenced along the length of integration
time after assimilation. Because all the other settings in the system are the same,
a better forecast is expected due to a more accurate initial state. We use the mea-
surements from 09:30 UTC to 11:10 UTC along the Dutch border to produce the
assimilated results, then we validate the results using another set of aircraft in situ
measurements in the downwind direction taken from 14:10 UTC to 15:00 UTC 18
May 2010 (see Fig. 4.1b and 4.1d). The validation data is selected carefully with
respect to the influenced area (Fig. 4.3f).

With different initialization, the forecast of volcanic ash concentration at 15:00
UTC shows large differences. The forecast after assimilation (see Fig. 4.4b, lower
than 3000 𝜇g m in the downwind direction of the measurement track) is much
smaller than that without assimilation (Fig. 4.4a, higher than 4000 𝜇g m in
some areas of continental Europe). Note that the forecast for both cases may be
performed better by combining adjustments to state variables as well as eruption
parameters. The detailed ash concentrations of two forecasts are compared with
measurements in Fig. 4.4c and 4.4d. Both forecasts are shown to overestimate
the measurements. This is in accordance with practical experience that volcanic ash
simulations often overestimate the truth to guarantee a safe aviation advice. This
is because in practice, if engine performance experiments cannot be designed in
accurate and realistic conditions of volcanic ash clouds, cautious approaches (over-
estimation) to guide commercial flight operations in airspace during volcanic ash
transport are often recommended (Prata and Prata, 2012). Furthermore, we can
also see that at each validation location, the forecast with assimilation is closer to
the measurements than the forecast without assimilation, and also that the overes-
timation is significantly reduced using assimilation. This shows that the forecast at
these locations with assimilation is more accurate than the forecast without assim-
ilation, therefore the assimilated volcanic ash state (Fig. 4.3d) is a more accurate
approximation to the real state of the distal volcanic ash plume. In addition, we
conclude that the assimilation process performs well in combining with the LOTOS-
EUROS transport model with real measurements.

4.4. Assimilation benefit for aviation community
Next it will be investigated what is the benefit of the improved forecasts of distal
ash plume on aviation advice, and also how much and how long the benefit has
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Figure 4.4: Forecast at 15:00 UTC 18 May 2010 with different initial conditions for the vol-
canic ash state. a, Forecast initiated with (Fig. 4.3b). b, Forecast initiated with (Fig. 4.3d). c, PM
concentration from 14:10 UTC to 15:00 UTC. d, PM . concentration from 14:10 UTC to 15:00 UTC.
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an effect. Firstly, the assimilation impact in the downwind and upwind directions is
considered. For this investigation, 5 big cities around the measurement route are
selected (see Fig. 4.5a). They are Dortmund, Cologne, Luxembourg in the down-
wind direction and Amsterdam, Rotterdam in the upwind direction. The evaluation
height is chosen at 3 km. For some continental or intercontinental passenger flights,
3 km might be of special interest regarding taking off and landing. The evaluation
time is chosen to be 11:10 UTC 18 May 2010 when the assimilation process fin-
ishes. The concentrations of two major distal volcanic ash components, i.e., PM
and PM . (Webley et al., 2012), are evaluated. Fig. 4.5b shows that results with
assimilation is lower for both PM and PM . in all the selected cities. To quantify
this impact on estimation of both ash components, an impact rate (IR) is introduced
for quantification. The IR is defined as:

(IR) (𝑖) =
(SimuNoAssimi) (𝑖) − (SimuAssimi) (𝑖)

(SimuNoAssimi) (𝑖) , (4.1)

where 𝑝 means either PM or PM . , 𝑖 means index of selected cities. Moreover,
(SimuNoAssimi) and (SimuAssimi) represent two simulations without or with as-
similation. Using this equation, we can get the IR of all cities (see Fig. 4.5b).
Based on the IR values, we find the assimilation impact in the downwind direction
(Dortmund, Cologne and Luxembourg) are much more significant than those in the
upwind direction (Amsterdam, Rotterdam). This means after assimilation, the most
significant impact on ash clouds is in the downwind direction where in this chapter
it is mainly Germany (see assimilation impact areas in Fig. 4.3f).

The analysis above demonstrates that assimilating aircraft in situ measurements
has the ability to impact on regional volcanic ash clouds, especially in the down-
wind direction of the measurement route. It is also shown that assimilation has an
impact on aviation advice. If there is no assimilation employed (see Fig. 4.3b), the
volcanic ash concentration in the main transport direction of the distal ash plume
reaches over 4000 𝜇g m . Thus, only relying on simulation results, the aviation
advice on continental Europe is that the sky above the North Sea, the Netherlands
and the western part of Germany is forbidden for flights. This aviation advice would
shutdown flights in a large area. Because the Netherlands and Germany are impor-
tant aviation hubs in Europe, imposing such a no-fly zone will affect all flights in the
ash penetrated area and subsequently leads to a huge economic loss. In contrast,
if based on the improved simulation after a continuous assimilation (Fig. 4.3d),
the aviation advice would have been changed. The sky in large parts of Europe is
open for commercial flights, because except in small parts of the Netherlands ash
concentrations all over the domain of interest are lower than 3000 𝜇g m . This
illustrates that the accuracy of aviation advice and the NFZ area can significantly
benefit from the ensemble-based data assimilation process. Note that we give the
aviation advice only on the strength of the results at 3 km height. Generally all
model levels must be analyzed for real cases. And the real aviation advice also
includes for which exact area and which time frame the advice is given.

Another question is how long the effect of improvement by assimilating aircraft
measurements will last? The answer of this will provide us guidance on how often
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Figure 4.5: PM and PM . evaluation on selected cities with and without assimilation. a,
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aircraft measuring should be performed. For investigating the time period of the
assimilation impact, the volcanic ash plume is forecasted one day (Fig. 4.6) starting
at 11:10 UTC 18 May 2010. Without loss of generality, PM is chosen to analyze
the forecast performance. 3 time snapshots in Fig. 4.6a – Fig. 4.6c are chosen to
show the forecast differences between without and with assimilation. Since there
are clear differences between the two cases, the assimilation impact can last one
day. Note that this impact duration is only valid for the areas (especially for regions
downwind to the assimilated observations), that are influenced by the assimilation,
which changes with time. When forecasting 24 hours (Fig. 4.6c), differences still
can be observed, but the impact of assimilation is obviously getting much smaller
(compared to Fig. 4.6a and Fig. 4.6b). Actually we also examined the assimilation
impact in the forecast of the next day and observed only very small differences.
Therefore, the time period of the assimilation impact of this case study can be taken
as 24 hours. From this analysis, we suggest the frequency of the measurement
campaign to be once per day. This study can be used to provide guidelines for
an optimal flight schedule in regional measurement tasks. Note that the impact
time investigated is based on the meteorological information in distal volcanic ash
plume during the period considered in this chapter. For other cases, the duration
of effective assimilation could be differed.
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Figure 4.6: One-day forecast of PM concentration with and without assimilation. A larger
domain is chosen in this figure (compared to Fig. 4.2, 4.3, 4.4) to demonstrate the downwind change
(with time) of the assimilation influenced area. a, Forecast at 00:00 UTC 19 May 2010. b, Forecast at
06:00 UTC 19 May 2010. c, Forecast at 12:00 UTC 19 May 2010.
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4.5. Conclusions
In this chapter, aircraft in situ measurements in distal volcanic ash clouds were as-
similated in the LOTOS-EUROS model. During a continuous assimilation, the error
of the analyzed volcanic ash state was significantly reduced through assimilating
real in situ measurements. The improved volcanic ash state after assimilation are
the result of an accumulation of all previous assimilation effects. It was shown that
all the assimilation steps contribute to the final result. To examine whether the as-
similated volcanic ash state were indeed more accurate than the conventional sim-
ulation, a validation with future in situ measurements was conducted. The forecast
with assimilation was shown more accurate than the conventional forecast with-
out assimilation. It also concluded that the assimilation process performed well in
combining with the LOTOS-EUROS transport model with real measurements.

The validation results also revealed that with the transport models alone, it is
difficult to accurately model volcanic ash movements. This is probably because
model parameters (e.g., the plume height) are uncertain and some processes are
missing, for example, coagulation, evaporation, and resuspension. Analysis of the
results showed that the data assimilation approach used herein is able to compen-
sate some of the model’s deficiencies. Aircraft in situ measurements have a high
accuracy and plays an important role to a successful data assimilation. The aircraft
can enter the plume to selectively obtain observations, so that the measurements
are in situ and optimal for the ensemble-based data assimilation methodology.

Investigation was also carried out on the benefit of the improved forecasts of
distal ash plume on aviation advice. We found that after assimilation, the most sig-
nificant improvements on distal ash clouds are in the downwind direction where in
this chapter it is mainly Germany. This phenomenon is due to the wind direction and
the transport process during the continuous assimilation. Investigation shows that
the accuracy of aviation advice within the assimilation influenced area can signifi-
cantly benefit from the ensemble-based data assimilation process. The computer
experiment revealed that the time period of the improvement effect on the areas
downwind to the assimilated observations can be taken as 24 hours. Based on this
result, we suggest to schedule an aircraft measurement campaign at a frequency
of once per day. This can be used to provide guidelines for planning future regional
measurement tasks. The suggested frequency should be adjusted by the temporal
strength (due to wind induced transport) on the assimilation influenced area.





5
A two-way-tracking localized
ensemble Kalman filter for
assimilating aircraft in situ
volcanic ash measurements

Data assimilation uses observations to improve the forecast accuracy.
Among the data assimilation approaches, the ensemble Kalman filter (EnKF)
is a well-known and popular method. A proper covariance localization strat-
egy in the analysis step of EnKF is essential for reducing spurious covari-
ances caused by the finite ensemble size, as shown for this application for
assimilation of aircraft in situ measurements.
After analyzing the characteristics of the physical forecast error covariances,
we present a two-way tracking approach to define the localization matrix for
covariance localization. The result shows that the Two-way-tracking Local-
ized EnKF (TL-EnKF) effectively maintains the correctly specified physical co-
variances and largely reduces the spurious ones. The computational cost of
TL-EnKF is also evaluated and is shown to be advantageous for both serial
and parallel implementations. Compared to the commonly used distance-
based covariance localization, the two-way tracking approach is shown to
be more suitable. In addition, the covariance inflation approach is verified as
an additional improvement to TL-EnKF to achieve more accurate results.

Parts of this chapter are under review:
(Fu et al., 2016): A two-way-tracking localized ensemble Kalman filter for assimilating aircraft in situ
volcanic ash measurements, Monthly Weather Review (under review).
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5.1. Introduction
Because of the limited ensemble size, ensemble-based assimilation methods of-
ten produce severe spurious noises between measurements and state variables
(Houtekamer and Mitchell, 1998; Anderson, 2001). This side effect implies that
some state variables which are in fact uncorrelated with an observation are com-
puted as correlated, resulting in an unphysical update. Over time, this will lead
to an erroneous reduction of ensemble variance which may significantly underesti-
mate the true variance and finally may lead to filter divergence (Anderson, 2001;
Evensen, 2009).

Covariance localization (Houtekamer and Mitchell, 1998; Gaspari and Cohn,
1999; Hamill et al., 2001) is a process of ‘cutting off’ spurious covariances in the
error covariance matrices, which improves the estimate of the forecast error co-
variances. The localized covariance matrix is more suitable to represent the fore-
cast uncertainty during assimilation (Petrie and Dance, 2010). The localization is
achieved using a Schur product of the forecast error covariance matrices and a
localization matrix (Houtekamer and Mitchell, 2001). The localization matrix is cho-
sen with ones on the diagonal and with other values decreasing to zero from the
diagonal to a specified distance. Thus, the structure of the localization matrix is a
band of non-zero elements around the leading diagonal. The distance where the
error covariances are reduced to zero is known as the “filtering length scale”. It is
crucial that when unphysical (spurious) covariances are eliminated, physical (cor-
rect) covariances remain well maintained. If the filtering length scale is too long
(i.e., all the physical and unphysical covariances are allowed), many of the spurious
covariances may not be eliminated well. On the other hand, if the filtering length
scale is too short, important physical covariances then may be lost together with the
spurious covariances. Therefore, for a given assimilation application, it is essential
that the filtering length scale is correctly chosen.

Usually, deciding the length scale for real-time assimilation is a heuristic
(experience-based) process (Petrie and Dance, 2010). It is effective for applica-
tions where the physical forecast error covariances appear to be “isotropic”, such as
in weather forecasting (Houtekamer and Mitchell, 2005), SO (Barbu et al., 2009),
ozone (Curier et al., 2012) and CO forecasting (Chatterjee et al., 2012). How-
ever, if the physical forecast error covariances tend to be “anisotropic”, the length
scale (“distance” used to calculate the localization matrix) can be defined based on
some specific dynamics, e.g, the usage of ensemble forecast sensitivity area on the
simple Lorenz 40-variable model (Kalnay et al., 2012), the water- and gas-phase
streamline in reservoir engineering (Arroyo et al., 2013), the dynamic height field
in an oceanographic application (Cummings, 2005), the potential temperature as
the vertical coordinate for tracer assimilation (Riishojgaard, 1998), the usage of the
topography as a “vertical” coordinate for a 2d analysis application (Deng and Stull,
2005).

Therefore, for a given assimilation system, how to create a suitable localization
matrix (how large the heuristic length scale is or what model dynamics should be
included) for covariance localization depends on the characteristics (“isotropic” or
“anisotropic”) of the physical error covariances for a specific application. In this
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chapter, we aim to investigate a suitable covariance localization for volcanic ash
data assimilation. The measurements used in the ensemble-based assimilation sys-
tem are aircraft measurements taken in West-North Germany (Weber et al., 2012).
Typically more flights would be carried out after an eruption. For this chapter, we
consider one, in order to study the localization process in detail. In (Fu et al.,
2016a), the measurements of this flight has been assimilated (including indepen-
dent validation of the assimilation performances) to improve regional volcanic ash
forecasts and aviation advice in the Netherlands and Germany. In that application,
a constant filtering length scale (500 km) was used to define the localization matrix.
That approach made sense since the region of interest (i.e., the Netherlands and
Germany) was quite small compared to the full plume’s coverage (almost the whole
of Europe). However, the focus in this chapter is on the dynamical covariances
over the entire plume and the aim is to design an accurate localization matrix for
covariance localization to maintain the correctly specified physical covariances and
to remove spurious ones as far as possible.

This chapter is organized as follows. The estimates and the characteristics of
the physical error covariances are investigated in Section 5.2. In Section 5.3, the
two-way-tracking covariance localization approach is proposed and formulated in
details. To support and verify the methodology, experimental results are given
and discussed in Section 5.4. Finally, the last section summarizes the concluding
remarks of this chapter.

5.2. Estimates and characteristics of the physical
forecast error covariances

5.2.1. Approximation of the physical forecast error covari-
ances using a large ensemble size

To define a proper and accurate localization matrix 𝖿𝖿𝖿 in Eq. (2.9), the physical
(“real”) forecast error covariances must be first investigated. Usually the physical
error covariances cannot be directly obtained, but can be approximated with the
sampled covariance matrix, i.e., 𝖯𝖯𝖯 (in Eq. (2.7)). As the ensemble size increases,
𝖯𝖯𝖯 gets close to the physical forecast error covariances. Thus, we first approximate
the physical error covariances with the sampled forecast error covariance matrix 𝖯𝖯𝖯
using a large ensemble size.

Fig. 5.1a and 5.1b are the illustrations of 𝖯𝖯𝖯 (actually 𝖯𝖯𝖯 𝖧𝖧𝖧 ) using ensemble
sizes of 50 and 500, respectively. The ash_5 concentrations at the measurement
height are chosen to illustrate the results. Shown in each figure are the results
at 09:40 UTC at the first assimilation step. Note that Fig. 5.1a/ 5.1b represents
one column of 𝖯𝖯𝖯 , representing the covariances between one state variable (at
an aircraft measurement location) and all the state variables (in the full domain).
Compared to the rather stable covariance pattern in 5.1b, the spurious covariances
are clearly shown in Fig. 5.1a. Fig. 5.1a indicates that, to overcome the spurious
covariances at an ensemble size of 50, covariance localization must be employed
to improve the performance. Actually, the forecast error covariances with other
ensemble sizes (e.g., 400 and 600) have also been used and 500 is found as the
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Figure 5.1: Estimate and impact of the physical error covariances. a illustrates the forecast error
covariances at 09:40 UTC, 18 May, 2010 with an ensemble of 50, i.e., 𝖯𝖯𝖯 [50]. b is the illustration of
𝖯𝖯𝖯 [500], which is used as the reference to the physical (“real”) forecast error covariances. c shows the
ash concentrations using EnKF[50] and also shows the accumulation effect of the spurious 𝖯𝖯𝖯 [50]. d is
the EnKF[500] result, implemented by the accurate 𝖯𝖯𝖯 [500].
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smallest ensemble size to approximate the physical error covariances sufficiently
accurate. Thus, 𝖯𝖯𝖯 at an ensemble size of 500 (Fig. 5.1b, abbreviated as 𝖯𝖯𝖯 [500])
is used in this chapter as a reference to represent the physical error covariances.

Table 5.1: Computational time of EnKF and TL-EnKF in different cases (ensemble sizes of
50 or 500, without or with covariance inflation). The time measured is Wall clock time. The
results are obtained from the bullx B720 thin nodes of Cartesius cluster, SURFsara, the Netherlands
Supercomputing Center. Each node is configured with 2 × 12-core 2.6 GHz Intel Xeon E5-2690 v3
(Haswell) CPUs/node and with memory 64 GB/node. (‘m’=minute , ‘S’=serial, ‘P’=parallel, ‘—’=not test
or not exist.)

.
Cases[ensemble size] EnKF[50] EnKF[500] TL-EnKF[50] TL-EnKF[50]-Inflation
Forecast (S/P) 61.8 m / — 875.9 m / 317.1 m 61.8 m / 18.4 m 61.8 m / —
EnKF update (S) 8.6 m 136.7 m 8.6 m 8.6 m
Two-way-tracking (S) — — 12.8 m 12.8 m
Inflation (S) — — — 2.3 m
Total Time (S/P) 70.4 m / — 1012.6 m / 458.3 m 83.2 m / 39.8 m 85.5 m / —

After the assimilation of the measurements from 09:40 to 11:10 UTC, the fore-
casts at 12:00 based on the EnKF using ensemble sizes of 50 and 500 (abbreviated
as EnKF[50] and EnKF[500]) are shown in Fig. 5.1c and 5.1d, respectively. Due to
the accumulation of spurious covariances in 𝖯𝖯𝖯 [50], Fig. 5.1c strongly deteriorates
compared to 5.1d, especially for the plume in Norway and North Sea. Therefore,
the sampling errors in EnKF[50] have a large effect on the forecasts and are likely
to deteriorate the accuracy. In this chapter, the terms EnKF[50] and EnKF[500]
represent the EnKF implementations without covariance localization. Note that for
large scale three-dimensional atmospheric assimilation, it is usually unrealistic to
employ an ensemble size over 100 because of the large computational cost (Nerger
and Hiller, 2013; Barbu et al., 2009). This can also be confirmed by Table 5.1 which
lists the computational time of EnKF[50] (Fig. 5.1c) and EnKF[500] (Fig. 5.1d).

5.2.2. Characteristics of physical forecast error covariances
An efficient localization should mimic the patterns of the error covariances. In this
section, we will therefore study these patterns in more details. We will use 𝖯𝖯𝖯 [500]
as a proxy for the true covariances.

Anisotropic
Two-way-anisotropic
To investigate the properties of 𝖯𝖯𝖯 [500], Fig. 5.2a is the zooming-in of Fig. 5.1b.
Based on Fig. 5.2a, the first impression of 𝖯𝖯𝖯 [500] is that it is “anisotropic”, i.e.,
the covariance shape and spread varying in different directions. This implies that
a proper localization function 𝖿𝖿𝖿 does not only depend on the distance, but should
have a structure varying over space.

Because there is only one emission point (at the volcano) for volcanic ash appli-
cation, all the ashes in atmospheres are transported by the directional wind drive
from the same source point. As a result, the anisotropic structure of the forecast er-
ror covariances is directional along the wind forcing (i.e., directionally anisotropic).



5

56
5. A two-way-tracking localized ensemble Kalman filter for assimilating

aircraft in situ volcanic ash measurements

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

P
f
 at the measurement location

(Ensemble size = 500)

 Measurement

Time : 09:40  UTC , 18 May 2010 

Height : 1.2853 km
0 2 4 6 8 10 12

48

49

50

51

52

53

54

55

56

−30 −25 −20 −15 −10 −5 0 5 10
48

50

52

54

56

58

60

62

64

66

68

70

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

ECMWF wind field

Eyjafjallajokull

Time : 09:40  UTC , 18 May 2010 

Height : 1.2853 km

 A
1

 A
2

 Measurement

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

P
f
 at Location A

1

(Ensemble size = 500)

 A
1
(−12.5

o
,67

o
)

Eyjafjallajokull

Time : 09:40  UTC , 18 May 2010 

Height : 1.2853 km
−30 −25 −20 −15 −10 −5 0 5 10

50

55

60

65

70

Longitude (degree 
o
)

La
tit

ud
e 

(d
eg

re
e 

o )

P
f
 at Location A

2

(Ensemble size = 500)

 A
2
(5

o
,62

o
)Eyjafjallajokull

Time : 09:40  UTC , 18 May 2010 

Height : 1.2853 km
−30 −25 −20 −15 −10 −5 0 5 10

50

55

60

65

70

a b

c d

Figure 5.2: Characteristics of the forecast error covariances. a is the zooming-in version of Fig.
5.1b, showing the detailed structure. b is the actual ECMWF wind field. c and d illustrate the forecast
error covariances corresponding to the location (-12.5∘, 67∘, 1.2853 km) and (8∘, 67∘, 1.2853 km),
respectively.
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This can be confirmed by comparing the structure of 𝖯𝖯𝖯 [500] (Fig. 5.2a) with the
corresponding ECMWF wind field (Fig. 5.2b). The comparison shows that the fore-
cast error covariances are two-way prominent (northwest-southeast), which is in
agreement with the wind southeast direction at the measurement location.

It is also observed that the forecast error covariances in Fig. 5.2a tends to
be more in a northwest direction than in the other directions. In many cases we
observed the covariances to be upwind-dominant. Physically, this makes sense
because (1) errors reduced by assimilation propagate downstream, so that sub-
sequent observations require larger updates upstream; (2) the ash concentrations
are reduced over time, so that larger concentrations and covariances are expected
upstream. To examine whether this phenomenon is generally correct, two other
locations 𝐀 (-12.5∘, 67∘, 1.2853 km) and 𝐀 (5∘, 62∘, 1.2853 km) are chosen to
illustrate the forecast error covariances 𝖯𝖯𝖯 [500], as shown in Fig. 5.2c and 5.2d.
Compared to another upwind-dominant covariance structure in Fig. 5.2c, the fore-
cast covariances shown in Fig. 5.2d are actually “downwind-dominant”. Therefore,
based on these evidences, generally the two-way-anisotropic forecast error covari-
ances are not always “upwind-dominant” or “downwind-dominant”, but do include
both upwind and downwind covariances at the same time.

Standard-deviation-dependent
The previous results showed that the forecast error covariances are “two-way-
anisotropic”, but it is not yet clear how to define a proper localization matrix to
capture both upwind and downwind covariances. The upwind covariances during
assimilation arise from the wind fields that drive the forward model, thus a back-
ward model driven by the reversed wind field (reversing the actual wind direction)
is the key for tracking the upwind covariance structures. Similarly, the downwind
covariances at the current time are due to the forward model run in the past time,
thus the forward model run from a specified past time to the present time is es-
sential for capturing the downwind covariance structures. Therefore, combining
forward and backward tracking, the downwind and upwind covariance structures
are aimed to be captured. However, the current investigation is not sufficient for
accurate tracking, because the two-way covariances are not constant or regular but
varied spatially and temporally, i.e., sometimes “upwind-dominant” or “downwind-
dominant” or possibly “upwind-downwind-equivalent”.

Thus, to accurately capture the covariances in both directions, further informa-
tion or other covariance characteristic must be investigated and included, so that the
tracked covariance structures can be automatically scaled to reveal the actual (e.g.,
upwind- or downwind-dominant) covariance structures. For this investigation, the
key point is to understand why the covariances are sometimes upwind-dominant or
downwind-dominant. We take Fig. 5.2a for example, where the upwind-dominant
phenomenon is shown in the forecast error covariances. Although it is the covari-
ances on which the localization is applied, it remains very interesting to also check
the properties of the correlations and the forecast error standard deviations, which
usually helps to understand the reason behind its structure.

The sampled forecast error standard deviations (𝐒𝐭𝐝 [500]) are equivalent to
the square root of the diagonal values of 𝖯𝖯𝖯 [500]. The correlations (𝐂𝐨𝐫 ) between
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Figure 5.3: Correlations and standard deviations. a,c illustrate the correlations, standard de-
viations at the measurement location. b,d illustrate the correlations, standard deviations at A
(5∘,62∘,1.2853 km).
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ash state variables at two locations 𝐀 and 𝐀 can be numerically estimated by

𝐂𝐨𝐫 (𝐀 , 𝐀 ) =
𝖯𝖯𝖯 [500](𝐀 , 𝐀 )

𝐒𝐭𝐝 [500](𝐀 ) ⋅ 𝐒𝐭𝐝 [500](𝐀 )
. (5.1)

Fig. 5.3a and 5.3c illustrate the the correlations (based on Eq. (5.1)) and the
sampled (500) standard deviations at the measurement location. The “upwind-
dominant” structure does not occur in the correlations, but does occur in the stan-
dard deviations. It is revealed that the correlations are flow-dependent and two-
way-anisotropic, without obvious directional preferences (upwind- or downwind-
dominant). This correlation structure makes sense, since it is in an agreement
with the physical correlation meaning, i.e., in the past time, the concentration at
one fixed location was not only contributed by the upwind state variables, but also
contributing the variables in the downwind direction.

Although the correlation structure is more or less equivalent in the upwind
and downwind directions, the standard deviations have a clear upwind-dominant
tendency at the measurement location. Thus, the key to explain the “upwind-
dominant” covariances is not correlations, but the standard deviations, which re-
veals that the other characteristic of the forecast error covariances is “standard-
deviation-dependent”. This claim is confirmed by another check on the correlations
(Fig. 5.3b) and the standard deviations (Fig. 5.3d) at the location 𝐀 (5∘, 62∘,
1.2853 km). The correlations shown look “symmetric” and the standard deviations
tend to be more in the downwind direction, which is consistent with the “downwind-
dominant” covariances shown in Fig. 5.2d.

We here give some explanations why the standard deviations are sometimes
downwind- decreasing or increasing. For our one-source application, once the
ashes are erupted into atmospheres, they start to be transported by the down-
wind drive, thus for concentrations from the same eruption episode (with simi-
lar eruption rates), the standard deviations (directly related to concentrations) are
in a downwind-decreasing tendency. However, for concentrations from different
episodes when latter eruption rate is much smaller than former, the standard devi-
ations are actually in an increasing trend in the downwind direction.

5.3. EnKF with two-way-tracking covariance local-
ization (TL-EnKF)

“Two-way-anisotropy” and “standard-deviation-dependence” have been investi-
gated as two characteristics of the forecast error covariances. By considering these
two characteristics, we propose a new approach to define the localization matrix
for accurate covariance localization during volcanic ash assimilation. Here we adopt
a two-way tracking to capture the covariance structures between each individual
measurement and the state variables. The EnKF using Two-way-tracking covariance
Localization (TL) is abbreviated with TL-EnKF.

The localized forecast error covariances are built in every analysis step, and we
define the localization matrix 𝖿𝖿𝖿 for covariance localization in five steps.
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(1) Forward track the downwind correlations.
In the forecast step from time 𝑡 to 𝑡 , each ensemble member is propagated

using the model dynamics 𝑀 . After the model has been propagated from the
time 𝑡 to 𝑡 (𝑡 is a time prior to 𝑡 and 𝑘 ≥ 𝑖 + 1), the model dynamics over these
time steps can be represented with

𝑀 → = 𝑀 (𝑀 (⋯𝑀 (𝑀 ))). (5.2)

According to Section 2.1, 𝑀 can be represented as the summation of three
parts, i.e., advection (𝐀), diffusion (𝐅), sink (𝐒) including deposition and sedimen-
tation, and emissions (𝐄). In the formation of an forward operator to track the
downwind correlations at the flight measurement location, we don’t consider the
near-volcano regions (<100 km from the volcano), because aircraft measurements
cannot be performed in these regions due to safety considerations (Marenco et al.,
2011). For other regions (i.e., distal parts which are >100 km from the volcano),
for example Marenco et al. (2011) and Fu et al. (2015) have shown that the domi-
nated processes are the advection and diffusion. Thus the sink processes such as
deposition and sedimentation are probably small compared to the advection and
diffusion. We will therefore not explicitly calculate 𝐒, but assume that it is zero.
Therefore, the formed forward operator 𝑀 → equals to 𝑀 → ignoring the sink 𝐒:

𝑀 → = 𝑀 (𝑀 (⋯𝑀 (𝑀 ))), (5.3)

where 𝑀 = 𝐀+ 𝐅 + 𝐄.
The forward operator 𝑀 → is can be determined if the source term 𝐄 is given.

Thus, for the source term at time 𝑡 , we only put a constant value 𝛼 (e.g., 𝛼=1 mg
m in this chapter) for ash_5 at the measurement location, ignoring the ash state
variables in all the other locations. Then run the model from 𝑡 to 𝑡 forward by

𝐙 → = 𝑀 → (𝐳 ), (5.4)

where 𝐳 is the vector, with a dimension of the state number (i.e.,
180×200×18×6 here, see Section 2.1), containing one non-zero value (𝛼 mg m )
corresponding to one state variable at the measurement location at 𝑡 . From this
we compute a scaled version with values in [0,1] (which represents the downwind
correlations):

𝐙 ,
→ = 𝐙 →

𝑚𝑎𝑥(𝐙 → )
. (5.5)

(2) Backward track the upwind correlations:
For the backward track, the adjoint of the tangent linear approximation of the

forward model needs to be used in this step. The forward model operator in volcanic
ash transport (i.e., 𝑀 ) is nonlinear. This is because the LOTOS-EUROS employs
the advection scheme proposed by Walcek and Aleksic (1998), the advection part
𝐀 = −∇ ⋅ (𝐮 ⋅ 𝐜 ) of 𝑀 (see Section 2.1) is nonlinear. In addition, because
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the sink (𝐒) such as the deposition and sedimentation scheme for volcanic ash
removals is complicated and relies on a combination of several parameters (Fu
et al., 2015), thus the part 𝐒 is also nonlinear. Therefore, due to the nonlinearity of
the forward model operator 𝑀 , the adjoint of the tangent linear approximation
of 𝑀 cannot easily be developed, as discussed by Errico (1997).

In this chapter, we will not implement the adjoint model. Instead, we approx-
imate the adjoint using a practical approach. We define the backward operator
𝑀 to approximate the adjoint operator. This is implemented by reversing the
time steps to calculate the backward advection 𝐀 and the backward diffusion
𝐅 using the backward wind field. This approach in atmospheric science to get
an adjoint operator is only correct in the linear case (Errico, 1997). Therefore, the
suggested backward approach is actually an approximation of the adjoint approach.
Note that we don’t explicitly calculate 𝐒 (the backward 𝐒), but also assume that
it is zero (as we deal with 𝐒 in the step (1)).

To summarize, the backward operator is formulated as:

𝑀 → = 𝑀 (𝑀 (⋯𝑀 (𝑀 ))), (5.6)

where 𝑀 = 𝐀 +𝐅 +𝐄 and 𝐄 is a given source term for backward op-
erator. Therefore, the backward operator is formulated practically using the model
dynamics and related meteorology (wind field). The backward operator is aimed to
roughly capture the upwind correlation patterns.

Since the backward operator 𝑀 → is constructed using Eq. (5.6), the backward
track can be determined if the source term 𝐄 is given. Here 𝐄 is chosen
as another constant value 𝛽 (e.g., 𝛽=1 mg m in this chapter). Then run the
backward model from 𝑡 to 𝑡 (with a constant source 𝐲(𝑘)) by

𝐙 → = 𝑀 → (𝐳 ), (5.7)

where 𝐳 and 𝐳 are alike, except that the non-zero values are set to 𝛽 now.
We then scale 𝐙 → to values in [0,1] (representing the upwind correlations):

𝐙 ,
→ = 𝐙 →

𝑚𝑎𝑥(𝐙 → )
, (5.8)

(3) Combine two-way correlations:
After separately tracking the downwind and upwind correlations, the two-way

correlations at 𝑡 can be estimated by combining both correlations together:

𝐙 = 𝑝𝑚𝑎𝑥(𝐙 ,
→ , 𝐙 ,

→ ), (5.9)

where the operator 𝑝𝑚𝑎𝑥 represents “pairwise maximum”, i.e., it compares all the
corresponding elements of two vectors 𝐙 ,

→ and 𝐙 ,
→ , and sets every

largest value to 𝐙.
In the two-way track, (at 𝑡 ) we start with the ash concentration at the obser-

vation location only. After the forward and backward track, the combined domain
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Figure 5.4: Construct the localization matrix with two-way tracked covariance mask. a and
b show the tracked correlations with tracking times of 3 and 6 hours, respectively. c shows the standard
correlations (at a small ensemble size of 50) used for inclusion in the tracked correlations. d is the
construted covariance mask created at a threshold of 0.01.
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where the particles are transported is considered as the region where one mea-
surement may have influences. Here, 𝑡 and 𝑡 are respectively the start/end time
and the end/start time for the backward/forward track. Fig. 5.4a and 5.4b show
the two-way tracked region with different tracking times. Compared with the es-
timated correlation structures (at an ensemble of 500) at 09:40 as shown in Fig.
5.3a, the case with the tracking time of 6 hours (Fig. 5.4b) is shown to agree best
with the coverage of the physical correlations. Therefore, 6 hours is employed in
this chapter as the two-way tracking time. Note that we only do once the two-way
track at each assimilation cycle, because one aircraft can only fly at one location at
each time. If we have two aircrafts to measure at the same time, we then need to
do the two-way-tracking calculation twice.

(4) Include standard deviations:
Since the localization is applied on the covariances, to have the tracked cor-

relations 𝐙 only is not enough. The covariances’ “standard-deviations-dependent”
characteristic has been revealed in Section 5.25.2.25.2.2. The tracked correlations
are “two-way-anisotropic” but have no preferences on upwind or downwind direc-
tions (kind of “symmetric”). However, the standard deviations have clear concen-
tration differences around the flight measurement location, which determines the
covariances’ directional strength.

The standard deviations at a small ensemble size of 𝑁 (here 𝑁 =50) can be
obtained by

𝐒𝐭𝐝 [𝑁 ] = √diag(𝖯𝖯𝖯 [𝑁 ]), (5.10)

where the operator “diag” gets the diagonal values of the covariance matrix 𝖯𝖯𝖯 [𝑁 ]
and forms a vector with the dimention of the state number. Fig. 5.4c illustrates
𝐒𝐭𝐝 [50]. Although 𝐒𝐭𝐝 [50] is not as accurate as 𝐒𝐭𝐝 [500], its accuracy is capable
of providing the assistance to indicate the covariances’ directional strength. We next
create the 𝐒𝐭𝐝-based correlations by

𝐙 = 𝐙 ∘ 𝐒𝐭𝐝 [𝑁 ]
𝑚𝑎𝑥(𝐙 ∘ 𝐒𝐭𝐝 [𝑁 ])

. (5.11)

(5) Create a covariance mask for localization:
Next, we create a mask at a threshold (𝛾):

𝐙 = {1, 𝑤ℎ𝑒𝑟𝑒 𝐙 > 𝛾
0, 𝑤ℎ𝑒𝑟𝑒 𝐙 ≤ 𝛾. (5.12)

After a careful check on different thresholds of 𝐙 , we find the locations where the
scaled values larger than a threshold of 0.01 (𝛾=0.01 in this chapter) are concen-
trated in a rather small region (see Fig. 5.4d). The rest of the domain can be cut off
because 𝐙 ≤ 0.01 can hardly influence the localization matrix 𝖿𝖿𝖿. Therefore, the
region (locations with 𝐙 > 0.01) can be captured and taken as the localization
region where one aircraft in situ observation at each flight location can really affect.
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The created covariance mask 𝐙 is equivalent to 𝖿𝖿𝖿𝖧𝖧𝖧 , where 𝖿𝖿𝖿 is the localization
matrix as described in Eq. (2.9)). Note that for practical implementation, we do not
compute 𝖿𝖿𝖿 complete, but only the column (𝖿𝖿𝖿𝖧𝖧𝖧 ) corresponding to the grid cell with
the observation; thus in fact we only need to compute 𝐙 . With (𝖿𝖿𝖿𝖧𝖧𝖧 ) ∘ (𝖯𝖯𝖯 𝖧𝖧𝖧 ),
i.e. (𝖿𝖿𝖿 ∘ 𝖯𝖯𝖯 )𝖧𝖧𝖧 in Eq. (2.9), the sampled forecast error covariance matrix 𝐏 can
be cut off corresponding to the locations only in the localized region, and then a
localized Kalman gain can be calculated, and further the analysis step is completed.

5.4. Experimental Results with TL-EnKF
5.4.1. Performance in capturing the physical forecast error co-

variances
The concept of TL-EnKF has been formulated in Section 5.3. The effect of the two-
way-tracking localization in capturing the physical structures of the forecast error
covariances will be investigated through experiments.

In TL-EnKF[50], using the localization matrix 𝖿𝖿𝖿 defined based on the two-way
track, the localized forecast error covariance matrix (i.e., 𝖿𝖿𝖿 ∘ 𝖯𝖯𝖯 [50]) is illustrated in
Fig. 5.5a. Compared to Fig. 5.1a (𝖯𝖯𝖯 [50]), the spurious covariances are signifi-
cantly removed by the tracked localization matrix. On the other hand, through the
comparison with Fig. 5.5b (i.e., the referenced physical error covariances 𝖯𝖯𝖯 [500]),
Fig. 5.5a achieves a similar performance, indicating that the physical covariance
structures can indeed be well captured by the two-way-tracking localization. Note
that the covariance structures captured by TL-EnKF[50] are not exactly the same
as that in EnKF[500] but the basic shape of the physical covariances are well kept.

Using the localized forecast error covariance matrix, the first analysis result (at
09:40 UTC, 18 May, 2010) with TL-EnKF[50] is checked in Fig. 5.5c. As expected,
based on the well captured error covariances, TL-EnKF[50] performs comparable as
EnKF[500] does (only a slight difference can be visualized at areas around (1∘,55∘)).

The performance of TL-EnKF[50] at another time 10:10 UTC, 18 May, 2010 is
also evaluated. Based on the tracked localization matrix 𝖿𝖿𝖿 (Fig. 5.6a) and the fore-
cast error covariance matrix 𝖯𝖯𝖯 [50] (Fig. 5.6b), the Schur products of both are
conducted in Fig. 5.6c. Compared to the approximated physical forecast error co-
variances as illustrated in Fig. 5.6d, TL-EnKF[50] is observed to be able to maintain
most of the physical covariances. Note that there are also some clear differences
between Fig. 5.6c and 5.6d, which are due to the accumulation of sampling errors
of TL-EnKF[50]. By studying on the analysis results shown in Fig. 5.6e and Fig.
5.6f, TL-EnKF[50] is shown to be a good approximation to EnKF[500].

TL-EnKF[50] has been shown to be capable of maintaining the physical covari-
ances at each analysis step during assimilation from 09:40 UTC to 11:10 UTC. We
now evaluate the forecast, Fig. 5.7a shows the forecast at 12:00 UTC using TL-
EnKF[50], which appears to approximate the reference (Fig. 5.7b, estimated us-
ing EnKF[500]) with a high accuracy. The agreement between TL-EnKF[50] and
EnKF[500] confirms that the accumulated inaccuracies of TL-EnKF[50] are actually
very small and acceptable. It also shows that the constructed covariance mask
𝐙 (defined in Eq. (5.12)) can indeed roughly capture the covariance patterns
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Figure 5.5: Performance of TL-EnKF. a is an illustration of the localized forecast error covariances
in TL-EnKF[50]. b is the reference to the physical (“real”) forecast error covariances, estimated by
EnKF[500]. c is the first analysis result with TL-EnKF[50] at 09:40 UTC, 18 May, 2010. d is the first
analysis result with EnKF[500].
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Figure 5.6: Performance of TL-EnKF[50] at the time 10:10 UTC, 18 May, 2010. a shows the
two-way tracked covariance mask at this time. b illustrates the forecast error covariances of TL-EnKF[50]
corresponding to the current measurement and current time. c is an illustration of the localized forecast
error covariances in TL-EnKF[50]. d illustrates the physical forecast error covariances, estimated by
EnKF[500]. e is the analysis result with TL-EnKF[50] at 10:10 UTC. f is the analysis result with EnKF[500]
at this time.
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with an acceptable accuracy. Although 𝐙 may not be very accurate, its accuracy
is indicated as satisfactory because it is only used for constructing the domain for
the localization procedure.
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Figure 5.7: Comparison between TL-EnKF and the EnKF with a distance-based covariance
localization (DL-EnKF). a is the forecast at 12:00 UTC, 18 May, 2010 with TL-EnKF[50]. b is the
forecast with EnKF[500]. c is the forecast with DL-EnKF[50,50 km], where the filtering length scale is
chosen at 50 km. d is the forecast with DL-EnKF[50,500 km].

5.4.2. Comparison between TL-EnKF and EnKF with distance-
based localization (DL-EnKF)

According to the results above, the two-way-tracking localization approach is shown
to be a proper and accurate covariance localization for the application of volcanic ash
assimilation. How does it perform comparing to the other localization approaches?
Currently, in atmospheric applications, the most commonly used covariance local-
ization is distance-based localization (DL), where the localization matrix 𝖿𝖿𝖿 is defined
by applying an “isotropic” structure to the Euclidean distance between two points.
The values decrease to zero beyond a certain distance. For some applications (e.g.,
ozone, CO , sulfur dioxide), this approach (DL-EnKF) has obtained acceptable per-
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formances (in maintaining most of the physical covariances) with a simple setup
using a constant localization parameter (Curier et al., 2012; Chatterjee et al., 2012;
Barbu et al., 2009).

While, in the TL-EnKF approach, the localization matrix 𝖿𝖿𝖿 is obtained directly
based on the model’s physics (“two-way-anisotropy” and “standard-deviation-
dependence”). The two-way-tracking approach works because it is designed to
track the physical covariance structures as many as possible. Therefore, based
on previous results, one would not argue the efficiency of TL-EnKF for volcanic
ash assimilation, but may wonder whether DL-EnKF can also have a similar or an
acceptable performance.

For this investigation, the performances of DL-EnKF[50] are shown in Fig. 5.7c
and 5.7d, where without loss of generality, 50 km and 500 km are respectively
chosen as the constant filtering length scale. Compared to EnKF[500], the effect
of DL-EnKF[50,50 km] is rather little (only in small areas around the measurement
route) and DL-EnKF[50,500 km] appears to largely over-correct the concentrations
(especially in regions of South Netherlands and Belgium). This directly implies that
DL-EnKF has poorer performances in dealing with sampling errors and it is likely to
deteriorate the accuracy.

Although DL-EnKF is not a good choice compared to TL-EnKF, it is interesting
in future to investigate some other variants of DL-EnKF (e.g., with adaptive radius
or radius based on various distance-based functions) might achieve an acceptable
performance to well maintain the “two-way-anisotropic” and “standard-deviation-
dependent” covariances during assimilation.

5.4.3. Combination with covariance inflation
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Figure 5.8: Impact of covariance inflation. a is the forecast at 12:00 UTC, 18 May, 2010 using TL-
EnKF[50] combined with covariance inflation (inflation factor is chosen at 1.041). b shows the analysis
results at the measurement locations using TL-EnKF[50]-Inflation.

Covariance localization (either TL or DL) helps to improve the estimates of the
forecast error covariances by cutting off the spurious covariances using the defined
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localization matrix. However, the under-sampling still exists in the localized er-
ror covariances, which is commonly known to cause the underestimation problem
(Houtekamer and Mitchell, 1998).

Covariance inflation, introduced by Anderson and Anderson (1999), is an ap-
proach to correct the problem of underestimation in the sampled forecast error
covariance matrix. This approach is a useful technique and now is commonly used
in ensemble-based data assimilation (Evensen, 2009). The principle of the covari-
ance inflation procedure is to simply increase the forecast error covariances by an
inflation factor 𝜌, which negates the systematic underestimation in each assimila-
tion step. The inflation factor is used to replace the forecast ensemble according
to Eq. (5.13),

𝝃 = 𝜌(𝝃 − 𝐱) + 𝐱, (5.13)

where 𝜌 is the inflation factor and is usually chosen, based on experience, to be
slightly larger than 1.0 (typically 1.01). For applying covariance inflation in our
application, we can actually estimate an inflation factor based on Eq. (5.14),

𝜌 =
𝑆𝖯𝖯𝖯 [ ]
𝑆𝖿𝖿𝖿∘𝖯𝖯𝖯 [ ]

, (5.14)

where the estimate of the physical error covariances 𝖯𝖯𝖯 [500] is included in the
calculation. 𝑆𝖿𝖿𝖿∘𝖯𝖯𝖯 [ ] represents the summation of all the elements in the localized
forecast error covariance matrix 𝖿𝖿𝖿 ∘ 𝖯𝖯𝖯 [50] as used in TL-EnKF[50], while 𝑆𝖯𝖯𝖯 [ ]
calculates the summation of the elements in 𝖯𝖯𝖯 [500] as used in EnKF[500]. 𝜌 is
estimated only at the time 09:40 UTC and is used for all the following assimilation
cycles. According to Eq. (5.14), 𝜌 is calculated to be 1.041.

Fig. 5.8a shows the performance of TL-EnKF together with covariance inflation
(termed as TL-EnKF-Inflation). Visually we find no clear improvements compared
to the performance with TL-EnKF (Fig. 5.7a), so that one may confuse where the
effect of covariance inflation is. Therefore, we carefully check the analysis result
at each measurement location along all the assimilation time. The result (see Fig.
5.8b) shows TL-EnKF[50]-Inflation performs better than the case without inflation
and the correction of the ash concentrations is shown to be more accurate (i.e.,
the values are closer to TL-EnKF[500]). Based on this investigation, although the
effect of covariance inflation is not as strong as that of covariance localization (two-
way-tracking), its positive influence indicates it can be included as an additional
improvement to TL-EnKF. We may expect when extensive aircraft measurements
are available, the direct correction at the measurement locations could lead to a
much wider improvement.

5.4.4. Computational evaluation
According to the discussions above, we have shown the capability of TL-EnKF in
maintaining the physical covariances with a rather small ensemble size. Next, an-
other question remains to be answered is what is the computational cost of TL-EnKF
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since now a two-way-tracking module is embedded. The EnKF with an ensemble
size of 500 is considered improper due to its large computational cost for large scale
model, thus it will be no practical use if the computational cost of TL-EnKF is also
large.

Table 5.1 shows the computational time of TL-EnKF[50] and EnKF[500], where
the computational costs of both serial and parallel cases are reported 1. In the
serial case, the EnKF forecast step is performed on one processor which means
the ensembles are forecasted one by one, while in the parallel case, the forecast
step is performed in parallel on multi-processors which means the ensembles are
propagated at the same time.

It is shown in the serial case that TL-EnKF[50] obtains a big acceleration (13
times) over EnKF[500]. This is mainly because it is realized with a small ensemble
size of 50. The additional computation cost for the extra module (two-way-tracking)
is quantified as 18% based on Table 5.1 by ( .

. , 70.4 m is the time of EnKF[50]),
while the additional cost for the increased ensemble size is quantified as 1338% by
( . .

. ). Thus, although the additional two-way-tracking module takes some
extra computation, its impact (18%) is far smaller than the large ensemble size
(1338%) required by EnKF[500].

It is known that EnKF can easily be parallelized in the forecast step, thus it is pos-
sible that the computational cost of the parallelized EnKF[500] is equivalent to the
parallelized TL-EnKF[50]. Therefore, we also compare the computational cost of the
parallel cases (the number of processors used is equal to the ensemble size) in Table
5.1. For the parallel implementations, different ensemble members run on different
processors, thus the ensemble forecasts are performed simultaneously. Note that
here we employ the commonly used parallelization, i.e., performing the forecast of
all ensemble members simultaneously. This means the parallelization does not go
as deep as for example to the matrix level in the analysis step which currently is a
difficult aspect for EnKF parallelization (Tavakoli et al., 2013). We can see both TL-
EnKF[50] and EnKF[500] obtain accelerations with their parallel implementations.
The EnKF[500] shows a larger speedup than TL-EnKF[50] because it has a much
larger ensemble size and subsequently uses much more processors. However, the
parallelized TL-EnKF[50] is still 11 times faster than parallel EnKF[500].

Based on the results of this experiment, we can say the proposed TL-EnKF has
an acceptable computational cost. In addition, the adding cost of the inflation
process is also examined in Table 5.1 and is evaluated as only 3%( .

. ), thus TL-
EnKF combined with covariance inflation is also computationally efficient.

5.5. Conclusion
In this chapter on volcanic ash assimilation, the aim was to design an accurate
localization matrix for covariance localization to maintain the correctly specified
physical forecast error covariances and remove as many of the spurious covariances
as possible. As a reference, the physical (“real”) forecast error covariances were
1The results are obtained from the Bullx B720 thin nodes of the Cartesius cluster, which is one computing
facility of SURFsara, the Netherlands Supercomputing Center. Each node is configured with 2 × 12-core
2.6 GHz Intel Xeon E5-2690 v3 (Haswell) CPUs and with 64 GB memory.
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first approximated as accurate as possible by the sampled forecast error covariance
matrix using an ensemble size of 500.

The structure of the forecast error covariances was investigated directional along
the wind forcing, but sometimes “upwind-dominant” or “downwind-dominant” or
possibly “upwind-downwind-equivalent”. By checking the estimated (at an ensem-
ble size of 500) correlations and standard deviations, the latter is revealed as the
key to represent the directional strength of the covariances. Therefore, “two-way-
anisotropic” and “standard-deviation-dependent” characteristics were concluded as
the two most important properties of the physical forecast error covariances.

Motivated by these analysis, a two-way-tracking approach was proposed to de-
fine the localization matrix (for covariance localization), aiming at accurately cap-
turing the specified physical covariances. The forward model was used to track the
downwind correlations during the past time. The approach of tracking the upwind
correlations was essentially based on the adjoint model to trace the sensitivities
of the state with respect to the measurement backwards in time. However, the
adjoint was approximated in a practical way using a backward simulation of the
original model. In the two-way-tracking formulation, we only considered the model
processes of advection and diffusion. This consideration is consistent with the re-
ality that, in the distal part of an ash plume, the advection and diffusion are the
dominant processes. After the correlations were two-way tracked, the information
of the standard deviations was further included. Finally, a covariance mask required
for the localization matrix was created.

According to the experimental results, the two-way-tracking localization (TL) ap-
proach was examined and verified as a proper and accurate covariance localization
for the application of volcanic ash assimilation. Although our case study showed
TL successfully captured the “upwind-dominant” covariances, TL can also work for
other types of covariance structures (e.g., “downwind-dominant”) because the in-
formation of standard deviations was explicitly included in the method. The forecast
performance with TL-EnKF was shown to be comparable with the referenced (with
a much larger ensemble size) EnKF performance. It indicates that the accumu-
lated inaccuracies of TL-EnKF in approximating the physical error covariances are
actually small and acceptable. It also showed that the formulated two-way-tracked
covariance mask can roughly capture the covariance patterns with an acceptable
accuracy, because it is only used for constructing the domain for the localization
procedure. Additionally, it has been shown that the additional computational cost
of TL-EnKF is very modest when compared with the referenced EnKF both in serial
or parallel cases.

Distance-based localization (DL), the commonly used covariance localization
approach, was also performed as comparisons with TL. The experimental results
showed that the effect of DL-EnKF either is very small (with a small filtering length
scale) or largely over-corrects the concentrations (with a large filtering length
scale). Although DL-EnKF is not accurate in dealing with sampling errors com-
pared to TL-EnKF, some other variants of DL-EnKF (e.g., with adaptive radius or
radius based on various distance-based functions) might be expected to achieve an
acceptable performance for maintaining the“two-way-anisotropic” and “standard-
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deviation-dependent” covariances. An approach to correct the problem of underes-
timation in the sampled forecast error covariance matrix, covariance inflation was
also investigated when embedded in TL-EnKF. The impact of inflation was clearly
positive.
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A mask-state algorithm to

accelerate volcanic ash data
assimilation

In this chapter, we investigate a strategy for accelerating data assimilation
on volcanic ash forecasts. Based on evaluations of computational time, the
analysis step of the assimilation is known to be the most expensive part.
After a careful study on the characteristics of the ensemble ash state, we
propose a mask-state algorithm which records the sparsity information of
the full ensemble state matrix and transforms the full matrix into a relatively
small one. This will reduce the computational cost in the analysis step.
Experimental results show the mask-state algorithm significantly speeds up
the expensive analysis step. Subsequently, the total amount of computing
time for volcanic ash data assimilation is reduced to an acceptable level,
which is important for providing timely and accurate aviation advices. The
mask-state algorithm is generic and thus can be embedded in any ensemble-
based data assimilation framework. Moreover, ensemble-based data assim-
ilation with the mask-state algorithm is promising and flexible, because it
implements exactly the standard data assimilation without any approxima-
tion and it realizes the satisfying performance without any change of the full
model.

Parts of this chapter have been published in :
(Fu et al., 2016c): A mask-state algorithm to accelerate volcanic ash data assimilation, Geoscientific
Model Development Discussions 1-19. doi:10.5194/gmd-2016-208.
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6.1. Introduction
To make the methodology efficient also in an operational (real-time) sense, the
computational efforts must be acceptable. For volcanic ash assimilation problems,
so far, no studies on the computational aspects have been reported in the litera-
ture. Actually, when large amounts of volcanic ash erupted into atmospheres, the
computational speed of volcanic ash forecasts is just as important as the forecast
accuracy (Zehner, 2010). For example, due to the lack of a fast and accurate fore-
cast system, the sudden eruption of the Eyjafjallajökull volcano in Iceland from 14
April to 23 May 2010, had caused an unprecedented closure of the European and
North Atlantic airspace resulting in a huge global economic loss of 5 billion US dol-
lars (Oxford-Economics, 2010). Since then, research on fast and accurate volcanic
ash forecasts have gained much attention, because it is needed to provide timely
and accurate aviation advices for frequently operated commercial airplanes. It was
shown the accuracy of volcanic ash transport can be significantly improved by the
assimilation system in (Fu et al., 2016a). Therefore, it is urgent to also consider
the computational aspect, i.e., improving the computational speed of the volcanic
ash assimilation system as fast as possible. This is the main focus of this chapter.

Due to the computational complexity of ensemble-based algorithms and the
large scale of dynamical applications, applying these methods usually introduces a
large computational cost. This has been reported from literature on different ap-
plications. For example, for operational weather forecasting with ensemble-based
data assimilation, Houtekamer et al. (2014) reported computational challenges at
Canadian Meteorological Center with an operational EnKF featuring 192 ensemble
members, using a large 600 × 300 global horizontal grid and 74 vertical levels.
That an initialization requirement of over 7 × 10 values to specify each ensem-
ble, results in large computational efforts on the initialization and forecast steps
in weather forecasting. For oil reservoir history-matching (Tavakoli et al., 2013),
the reservoir simulation model usually has a large number of state variables, thus
the forecasts of an ensemble of simulation models are often time-consuming. Be-
sides, when time-lapse seismic or dense reservoir data is available, the analysis step
of assimilating these large observations becomes very time-consuming (Khairullah
et al., 2013). Large computational requirements of ensemble-based data assimi-
lation have also been reported in ocean circulation models (Keppenne, 2000; Kep-
penne and Rienecker, 2002), tropospheric chemistry assimilation (Miyazaki et al.,
2015), and many other applications.

To accelerate an ensemble-based data assimilation system, the ensemble fore-
cast step can be first parallelized because the propagation of different ensemble
members is independent. Thus if a computer with a sufficiently large number of
parallel processors is available, all the ensemble members can be simultaneously
integrated. In the analysis stage, to calculate the Kalman gain and the ensem-
ble error covariance matrix, all ensemble states must be combined together. In
weather forecasting and oceanography sciences, Keppenne (2000); Keppenne and
Rienecker (2002); Houtekamer and Mitchell (2001) have reported using paralleliza-
tion approaches to accelerate the expensive analysis stage. In reservoir history
matching, a three-level parallelization has been proposed by Tavakoli et al. (2013);
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Khairullah et al. (2013) in recent years, to significantly reduce computational efforts
of both forecast and analysis steps due to massive dense observations and large
simulation models. The first parallelization level is to separately perform the en-
semble simulations on different processors during the forecast step. This approach
is usually quite efficient when a large ensemble size is used. However, the scale
or model size of one reservoir simulation is constrained by the memory of a single
processor. Thus, the second parallelization level is to perform one ensemble mem-
ber simulation using a parallel reservoir model. These two levels do not deal with
the analysis step, which collects all ensemble members to do computations usually
on a single processor. Therefore, a third level of parallelization was implemented
by Tavakoli et al. (2013); Khairullah et al. (2013) through parallelizing matrix-vector
multiplications in the analysis steps. Furthermore, some other approaches on ac-
celerating ensemble-based assimilation systems, have also been reported, such as
GPU-based acceleration (Quinn and Abarbanel, 2011) in Numerical Weather Predic-
tion (NWP), domain decomposition in atmospheric chemistry assimilation (Segers,
2002; Miyazaki et al., 2015). The observations used in an assimilation system can
be also optimized with some preprocessing procedures, as reported by Houtekamer
et al. (2014).

Although for other applications, there were many efforts in dealing with large
computational requirements in an ensemble-based data assimilation system, most
of them cannot be directly used to accelerate volcanic ash data assimilation. This
is because the acceleration algorithms are strongly dependent on specific prob-
lems, such as model complexity (high or low resolution), observation type (dense
or sparse), primary requirement (accuracy or speed). These factors determine, for
a specific application, which part is the most time-consuming, and which part is
intrinsically sequential. Thus, no unified approach for efficient acceleration of all
the applications can be found. Although the successful approaches in other ap-
plications cannot be directly employed in volcanic ash forecasts, their success do
stress the importance of designing a proper approach based on the computational
analysis of a specific assimilation system. Therefore, the computational cost of our
volcanic ash assimilation system will be first analyzed. Then, based on the compu-
tational analysis, we will investigate a strategy to accelerate the ensemble-based
data assimilation system for volcanic ash forecasts.

This chapter is organized as follows. Section 6.2 analyzes the computational
cost of the conventional volcanic ash data assimilation system. In Section 6.3, the
mask-state algorithm is developed for acceleration. The discussions on the mask-
state algorithm is in Section 6.4. Finally, the last section summarizes the concluding
remarks of our research.

Note that in the chapter we don’t use covariance localization as proposed by
Hamill et al. (2001) for reducing spurious covariances. This is because although
localization is possible, the ideal case is not to use it in order to have the correct
covariances in a large (converged) ensemble. It is crucial for localization that when
unphysical (spurious) covariances are eliminated, physical (correct) covariances can
be well maintained (Petrie and Dance, 2010). If the “filtering length scale” for lo-
calization is too long (i.e., all the dynamical covariances are allowed), many of the
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spurious covariances may not be eliminated. If the length is too short, important
physical dynamical covariances then may be lost together with the spurious ones.
Therefore, essentially deciding an accurate localization is a challenging subject (Ri-
ishojgaard, 1998; Kalnay et al., 2012) especially for accuracy-demanding applica-
tions. Therefore, in this chapter we choose the ensemble size of 100 to guarantee
the accuracy and avoid large spurious covariances.

6.2. Computational analysis for volcanic ash data
assimilation

6.2.1. Computational analysis of the total runtime
Ensemble-based data assimilation is a useful approach to improve the forecast accu-
racy of volcanic ash transport. However, if it is time-consuming, it cannot be taken
as efficient due to the high requirement on speed for volcanic ash assimilation (see
Section 6.1). Based on this consideration, we need to analyze the computational
cost of a conventional volcanic ash assimilation system.

The total execution time of conventional EnKF comprises four parts, i.e., ini-
tialization, forecast, analysis and other computational cost. The initialization time
includes reading meteorological data, initializing model geographical and grid con-
figurations, reading emission information, initializing stochastic observer for reading
and transforming observations to the model grid, initializing all the ensemble states
and ensemble mean, and so on. The forecast time is obtained from Eq. (2.4), while
the analysis time corresponds to the computational sum from Eq. (2.5) to (2.10).
The other computational time includes script compiling, setting environment vari-
ables, starting and finalizing data assimilation algorithms, etc.

The evaluation result of the conventional EnKF is shown in Table 6.1 (the middle
column). It can be seen that the total computational time (4.36 h) is relatively large
compared to the simulation window (3.0 h, i.e., from 9:00–12:00 UTC, 18 May,
2010), which is too much in an operational sense. Therefore, in this chapter, we
aim to accelerate the computation to within an acceptable runtime (i.e., requires
less runtime than the time period of the data assimilation application).

It can be also observed from Table 6.1 that the main contribution to the total
execution time is the analysis step. Compared to the initialization and forecast time,
the analysis stage takes 72% of the total runtime. Due to the expensive analysis
step, although some approaches (such as MPI-parallel I/O (Filgueira et al., 2014),
domain decomposition (Segers, 2002)) can potentially accelerate the initialization
and forecast step, the effect to the final acceleration of the total computational cost
is little. Therefore, to get acceptable computational time, the cost reduction in the
analysis step is the target. One may wonder that since the amount of observations
is small, why does analysis takes so much time? The large state vector seems
to be left responsible for the problem. To know the exact reason, the detailed
computational cost of the analysis step must be evaluated.
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Table 6.1: Comparison of the computational cost of conventional EnKF and MS-EnKF. (h=hour, simulation
window = 3.0 h, the time is Wall clock time. The results are obtained from the bullx B720 thin nodes
of the Cartesius cluster, which is a computing facility of SURFsara, the Netherlands Supercomputing
Centre. Each node is configured with 2 × 12-core 2.6 GHz Intel Xeon E5-2690 v3 (Haswell) CPUs and
with memory 64 GB.)

Case Conventional EnKF MS-EnKF

Cores used 102 102

Tracer number (n ) 6 6
Measurements of tracers (m) 2 2
Ensemble size (N) 100 100
Parallel in forecast step Yes Yes
Parallel in analysis step No No
Mask-state in analysis step No Yes

Initialization 0.42 h 0.42 h
Forecast 0.65 h 0.65 h
Analysis 3.14 h 0.88 h
Others 0.15 h 0.12 h

Total Runtime 4.36 h 1.95 h
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6.2.2. Cost estimation of all analysis procedures
We start with the formulations of the analysis step. The analysis step is represented
by Eq. (2.10), which can be written in a full matrix format with Eq. (6.1),

𝐀 × = 𝐀 × + 𝐊 × (𝐘 × −𝐇 × 𝐀 × ), (6.1)

where the subscripts represent the matrix’s dimensions. 𝐀 and 𝐀 represent the
forecasted and analyzed ensemble state matrix, and are respectively built up from
𝝃 and 𝝃 with 𝑁 ensembles. The measurement ensemble matrix 𝐘 is formed by
an ensemble of 𝐲 + 𝐯 (see Eq. (2.10)). 𝐇 is the observational matrix, which is
used to select state variables (at measurement locations) in the full ensemble state
matrix corresponding to the measurement ensemble matrix 𝐘. 𝑛 is the number of
model state variables in a three-dimensional (3D) domain, i.e., ∼ 10 in this chapter
(see Section 2.1.3). 𝑚 is the amount of measurements at one assimilation time,
which depends on the measurement type. For aircraft in situ measurements used
in this chapter (see Fig. 4.1), two measurements are made at each time by one
research flight, so that 𝑚 is 2 here. 𝑁 is the ensemble size and is taken as 100
in this chapter. As described in Eq. (2.6), the ensemble perturbation matrix 𝐋 in
EnKF can be re-written as

𝐋 × = 𝐀 × − �̄� × = 𝐀 × (𝐈 × − 1
𝑁𝟏 × ) = 𝐀 × 𝐁 × , (6.2)

where 𝐈 is an 𝑁×𝑁 unit matrix and 𝟏 is an 𝑁×𝑁 matrix with all elements equal to 1.
Thus, 𝐋 = 𝐀 𝐁 where 𝐁 × is introduced to represent (𝐈 × − 𝟏 × ). So that,
𝐇𝐋 = 𝐎 𝐁, where 𝐎 × is used to represent (𝐇𝐀 ). Here we explicitly express
𝐋 and 𝐇𝐋 in the form of 𝐀 and 𝐎 , respectively. This is because in our volcanic
ash assimilation system, 𝐀 and 𝐎 are two of the three inputs (another one is
the measurement ensemble matrix 𝐘 for the analysis step. These are the three
inputs used for actual computations in the analysis step. As shown in Fig. 6.1a,
𝐀 is obtained from the forecast step, 𝐎 and 𝐘 are acquired from our stochastic
observer module (see Fig. 6.1a) which is used for a volcanic ash transport model
to integrate geophysical measurements. With the input 𝐘, the measurement error
covariance 𝐑, as introduced in Eq. (2.9), can be then computed with

𝐑 × = 1
𝑁 − 1(𝐘 × − �̄� × )(𝐘 × − �̄� × ) = 1

𝑁 − 1(𝐘𝐁)(𝐘𝐁) . (6.3)

Based on previous definitions and Eq. (2.5) to (2.10), the analysis step can be



6.2. Computational analysis for volcanic ash data assimilation

6

79

Forecast step

Analysis step
Aa

n×N

Stochastic
Observer

Af
n×N

Ym×N

Of
m×N

n ash state number (3.888×106)
m measurement number (2)
N ensemble size (100)
Af forecasted ensemble state matrix (n×N)
Of measured ensemble state matrix (m×N)
Y measurement ensemble matrix (m×N)
Aa analyzed ensemble state matrix (n×N)

BN×N represents IN×N − 1
N 1N×N

Computational cost of analysis step

Procedures Cost

X1 = OfB O(mN2)

X2 = YB O(mN2)

X3 = X1X1
′ +X2X2

′ O(m2N)

X4 = X3
−1 (Singular Value Decomposition (SVD)) O(m3)

X5 = BX1
′ O(mN2)

X6 = X5X4 O(m2N)

X = I+X6(Y −Of ) O(mN2)

Aa = AfX O(nN2)

(n=3.888×106, m=2, N=100.)

a

b

Figure 6.1: Computational evaluation of the analysis step. a, Illustration of the analysis step. b,
Computational cost of all sub-part of the analysis step.



6

80 6. A mask-state algorithm to accelerate volcanic ash data assimilation

reformulated as followings,

𝐀 × = 𝐀 + 𝐊(𝐘 − 𝐇𝐀 )
= 𝐀 + 𝐏 𝐇 (𝐇𝐏 𝐇 + 𝐑) (𝐘 − 𝐇𝐀 )

= 𝐀 + 1
𝑁 − 1𝐋 (𝐇𝐋 ) [

1
𝑁 − 1(𝐇𝐋 )(𝐇𝐋 ) +

1
𝑁 − 1(𝐘𝐁)(𝐘𝐁) ] (𝐘 − 𝐇𝐀 )

(6.4)

= 𝐀 + 𝐀 𝐁(𝐎 𝐁) [(𝐎 𝐁)(𝐎 𝐁) + (𝐘𝐁)(𝐘𝐁) ] (𝐘 − 𝐎 )
= 𝐀 {𝐈 + 𝐁(𝐎 𝐁) [(𝐎 𝐁)(𝐎 𝐁) + (𝐘𝐁)(𝐘𝐁) ] (𝐘 − 𝐎 )}
= 𝐀 × 𝐗 × ,

where

𝐗 × = {𝐈 + 𝐁(𝐎 𝐁) [(𝐎 𝐁)(𝐎 𝐁) + (𝐘𝐁)(𝐘𝐁) ] (𝐘 − 𝐎 )}. (6.5)

Eq. (6.4) shows how the analysis step is performed in a volcanic ash assimilation
system. In order to accelerate the analysis step, the most time-consuming part
must be reduced. Fig. 6.1b shows estimations of the computational cost for each
procedure in the analysis step. Considering that the state number 𝑛 (∼ 10 ) is
significantly larger than the measurement number𝑚 (𝑚=2 here) and the ensemble
size 𝑁 (𝑁=100), thus the most time-consuming procedure in the analysis step is
the last one, that is 𝐀𝐚 = 𝐀𝐟𝐗 with computational cost of O(𝑛𝑁 ). Therefore, in our
volcanic ash assimilation system, this part is the most time-consuming part in the
analysis step. Note that the procedure [(𝐎 𝐁)(𝐎 𝐁) + (𝐘𝐁)(𝐘𝐁) ] for Singular
Value Decomposition (SVD) in our chapter is not time-consuming, which is quite
different from some other applications, such as reservoir history matching (Tavakoli
et al., 2013; Khairullah et al., 2013). This is because the SVD procedure costs
O(𝑚 ), and due to the measurement size in the order of the size of the state in
those cases, SVD procedure thus requires a huge computational cost for reservoir
assimilation.

6.3. The mask-state algorithm for acceleration of
the analysis step

6.3.1. Characteristic of ensemble state matrix 𝐀𝐟
Analysis in the previous section shows that 𝐀𝐚 = 𝐀𝐟𝐗 is most expensive in the
analysis step. Each column of 𝐀𝐟 is constructed from a forecasted ensemble state,
thus the dimension of 𝐀𝐟 is 𝑛 ×𝑁. In each column, the element values correspond
to volcanic ash concentrations in a 3D domain. Fig. 6.2 shows the coverage of
all ensemble forecast states at a selected time 10:00 UTC 18 May, 2010, without
loss of generality. A common phenomenon can be observed, that is only a part of
the 3D domain are filled with volcanic ash. The ash clouds only concentrate in a
plume which is transported over time. This is because volcanic eruption is a fast
and strong process. The advection dominates the transport, and the volcanic ash
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Figure 6.2: Characteristic of volcanic ash state.
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plume is transported with the wind. This is a particular characteristic for volcanic
ash transport, in contrast to other atmospheric related applications such as ozone
(Curier et al., 2012), SO (Barbu et al., 2009), CO (Chatterjee et al., 2012). For
those applications, the concentrations are everywhere in the domain, the emission
sources are also everywhere, and observations are available throughout the domain
too (especially for satellite data). Whereas for application of volcanic ash transport,
the source emission is only at the volcano, thus usually only a limited domain is pol-
luted by ash. As shown in Fig. 6.2, in the 3D domain with grid size of 3.888×10 ,
the number of grids in the area with volcanic ash is counted as 1.528×10 , whereas
the number of no-ash grids is 2.36×10 . Note that shown in the figure are accu-
mulated ash coverages of all ensemble states, thus in the no-ash grids, there are
no ash for all the ensemble states. Thus a very large number of rows in 𝐀𝐟 are zero
corresponding to the no-ash grids. These zero rows in 𝐀𝐟 have no contributions to
𝐀𝐚 = 𝐀𝐟𝐗, because a zero row in 𝐀𝐟 always results in a zero row in 𝐀𝐚. Therefore,
for the case of Fig. 6.2, of the computations are redundant and can be avoided.
To realize this, one may think to limit the domain for the entire assimilation steps,
then the number of zero rows certainly would be largely reduced. This is actually
incorrect, because these zero rows are changing along with the transport of ash
clouds, and not constant at each analysis step. So the full domain must be consid-
ered and it should be adaptive (choose different zero rows according to different
𝐀𝐟 at different analysis time).

6.3.2. Derivation of the mask-state algorithm (MS)
Here we introduce item 𝑛 to represent the number of zero rows in the ensem-
ble state matrix 𝐀𝐟, and use 𝑛 to represent the number of other rows (also 𝑛
represents the grid size of ash plume). When computing 𝐀𝐚 = 𝐀𝐟𝐗, to avoid all the
computations related to 𝑛 rows with zero elements, the index of other 𝑛
rows must be first decided. This index is meant to reduce the dimensions of 𝐀𝐟.
After getting a 𝐀𝐚 with a dimension of 𝑛 × 𝑁, the index will be used again to
reconstruct the full matrix 𝐀𝐚 with the dimension of 𝑛 × 𝑁. Based on this idea, we
propose a mask-state algorithm (MS) which deals with the time-consuming analysis
update. MS includes five steps:

(i) Compute ensemble mean state �̄�𝐟: The mean state �̄�𝐟 × can be easily
computed by averaging 𝐀𝐟 × along 𝑁 columns. Due to all elements in 𝐀𝐟 ×
corresponding to ash concentrations, thus all elements in 𝐀𝐟 × are larger
than zero, so that the index of non-zero rows in �̄�𝐟 × is equivalent to that in
𝐀𝐟 × . The computational cost for this step is O(𝑛𝑁).

(ii) Construct mask array 𝐳: Based on previously obtained �̄�𝐟 × , we search the
non-zero elements of �̄�𝐟 × and record the index into a mask array 𝐳 × .
With this strategy, we don’t need to search the full matrix 𝐀𝐟 × and build an
index matrix for storage. This is a benefit for saving memory. The computa-
tional cost for this step is O(𝑛).

(iii) Construct masked ensemble state matrix �̃�𝐟: Using the mask array



6.3. The mask-state algorithm for acceleration of the analysis step

6

83

𝐳 × obtained from step (ii), �̃�𝐟 × can be constructed column by col-
umn according to Eq. (6.6), and the computational cost (overhead) for this
step is O(𝑛 𝑁).

�̃�𝐟(1 ∶ 𝑛 , 1 ∶ 𝑁) = 𝐀𝐟(𝐳(1 ∶ 𝑛 ), 1 ∶ 𝑁), (6.6)

(iv) Compute �̃�𝐚 by multiplying �̃�𝐟 and 𝐗: Perform matrix computation
�̃�𝐚 × = �̃�𝐟 × 𝐗 × . This step is similar to 𝐀𝐚 = 𝐀𝐟𝐗, as described in
Section 6.2.2, but the computational cost now becomes O(𝑛 𝑁 ) instead of
O(𝑛𝑁 ).

(v) Construct analyzed ensemble state matrix 𝐀𝐚: With the computed �̃�𝐚
from step (iv) and the mask array 𝐳 from step (ii), the final analyzed ensemble
state matrix 𝐀𝐚 × can be constructed based on Eq. (6.7). The computational
cost (overhead) for this step is O(𝑛𝑁).

𝐀𝐚(𝐳(1 ∶ 𝑛 ), 1 ∶ 𝑁) = �̃�𝐚(1 ∶ 𝑛 , 1 ∶ 𝑁), (6.7)

According to the derivations of MS, the computational cost related to zero rows
are avoided. Here the “zero rows” doesn’t equal to “zero elements”. The former
corresponds to the regions where there are no ash for all the ensemble members,
while the latter also counts the no-ash regions specifically for some ensembles.
Certainly the consideration of all “zero elements” can include all the sparsity infor-
mation of the ensemble state matrix, but extra computations and memories must
be spent on searching the full matrix 𝐀𝐟 × with a computational cost of O(𝑛𝑁) and
storing a mask state matrix with dimensions of 𝑛 × 𝑁. This is expensive compared
to construct the mask array in the procedure (ii). Actually, after a careful check
on the volcanic ash ensemble plumes, there is no “bad” ensemble which is really
different from others. Although the concentration level in ensemble members are
distinct, the main direction and the occurrence to the grid cells are more or less
same. This means, the “zero rows” actually more or less equals to “zero elements”,
but much faster than the way with “zero elements”, which confirms the suitability
and advantage of procedure (ii). Probably when there are big meteorological un-
certainties, the “zero elements” will be much larger than “zero rows”. In this case,
how to make use of the sparsity information in the ensemble state matrix, will be
considered in future.

Based on procedures of MS, the computational cost of 𝐀𝐚 = 𝐀𝐟𝐗 can be reduced.
However, without a careful evaluation, we cannot conclude MS is fast, because the
algorithm also employs other procedures. If these procedures (i)(ii) (iii)(v) are much
cheaper than the main procedure (iv), MS can definitely speed up the analysis step,
and vice versa. Now we analyze MS’s computational cost, which can be summed
as O(𝑛𝑁)+ O(𝑛)+ O(𝑛 𝑁)+ O(𝑛 𝑁 )+ O(𝑛𝑁), i.e., O(𝑛𝑁+𝑛 𝑁 ). Thus, the
computational overhead involved to transform the full matrix to a small one (i.e.,
O(𝑛 𝑁) for procedure (iii)) has little effect in the total computation cost of MS
(i.e., O(𝑛𝑁 + 𝑛 𝑁 )). However, the computational overhead of transforming the
small matrix to the full one (i.e., O(𝑛𝑁) for procedure (v)) does contribute a part,
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which cannot be ignored, to the total MS’s computational cost. The computational
cost without MS is O(𝑛𝑁 ).

The comparison between both cost (with and without MS, i.e., O(𝑛𝑁 + 𝑛 𝑁 )
and O(𝑛𝑁)) indicates when the number of non-zero rows (𝑛 , i.e., the number
of grids with ash) of the forecasted ensemble state matrix satisfies 𝑛 < 𝑛,
then MS can accelerate 𝐀𝐚 = 𝐀𝐟𝐗. Here, O(𝑛𝑁 + 𝑛 𝑁 ) and O(𝑛𝑁) are of the
same order when 𝑛 < 𝑛. The larger the difference between 𝑛 and 𝑛,
the better the speedup can be achieved. According to this analysis, and the char-
acteristic (e.g., approximately equals to in this case) of volcanic ash trans-
port as described in Section 6.3.1, the relation is certainly satisfied and is actually
𝑛 ≪ 𝑛 (significantly smaller) for our study. Therefore, for our volcanic ash
assimilation system, with MS, the computational cost for the time-consuming part
𝐀𝐚 = 𝐀𝐟𝐗 is O(𝑛 𝑁 ), which is much reduced compared to O(𝑛𝑁 ) with conven-
tional computations.

The relation 𝑛 < 𝑛 indicates whether we would have speedup by the MS
method, actually it can be extended to Eq. (6.8),

𝑆𝐦𝐬 =
𝐎(𝑛𝑁 )

𝐎(𝑛𝑁 + 𝑛 𝑁 ) = 𝐎(
𝑛
𝑛 ), (6.8)

which explicitly specifies the expected amount of speedup (𝑆𝐦𝐬) of 𝐀𝐚 = 𝐀𝐟𝐗 by
the MS algorithm. In this case study, 𝑁 is taken at 100 and ≈ , so 𝑆𝐦𝐬 is
approximately 3.0.

According to Amdahl’s law (Amdahl, 1967), the total computational speedup
(𝑆𝐭𝐨𝐭𝐚𝐥) by MS can be predicted by Eq. (6.9),

𝑆𝐭𝐨𝐭𝐚𝐥 = 1
(1−𝑝𝐦𝐬)+ 𝐦𝐬

𝐦𝐬

, (6.9)

where 𝑝𝐦𝐬 is the proportion of the computational cost of 𝐀𝐚 = 𝐀𝐟𝐗 in the overall
data assimilation computations. It has been evaluated that the computational cost
of 𝐀𝐚 = 𝐀𝐟𝐗 dominates the analysis step (see Fig. 6.1b), thus the proportion of
the computational cost of 𝐀𝐚 = 𝐀𝐟𝐗 approximates the proportion of the analysis
step in the total data assimilation computations (i.e., 𝑝𝐦𝐬 ≈72% in this case, as
described in Section 6.2.1). Therefore, based on Eq. (6.9), the maximum (“ideal”)
computational speedup can be predicted to be

𝐦𝐬
(i.e., ≈3.57 for this case study)

when 𝑆𝐦𝐬 approximates infinity. However, this is not the actual speedup because
𝑆𝐦𝐬 is in fact specified by Eq. (6.8). (Based on discussions above, 𝑆𝐭𝐨𝐭𝐚𝐥 can be
therefore estimated by Eq. (6.8) at ≈2.0 in this case.)

6.3.3. Experimental results
Analysis of the algorithmic complexity of the mask-state algorithm (MS) shows MS
is an efficient approach to reduce the computational cost of the time-consuming
𝐀𝐚 = 𝐀𝐟𝐗. Now MS will be applied in the real volcanic ash assimilation system,
to investigate whether in practice it can well speed up the analysis step. We per-
form MS in the conventional EnKF, which means initialization, forecast steps are
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all computed as the conventional EnKF. The only difference between MS-EnKF and
conventional EnKF is that in the former MS is employed for analysis step, and in
the latter is standard analysis step. The result and related specifications are shown
in Table 6.1. As introduced in Section 2.2.3, the forecast step has been configured
with the conventional parallelization, thus 𝑁+2 (102 here) cores are actually used
(one core for the data assimilation algorithm, the other 𝑁+1 cores for the parallel
forecast of 𝑁 ensemble members and one ensemble mean). It can be seen that
MS indeed largely accelerates the analysis step (as expected, by a factor of about
3.0 for this chapter) which confirms the theoretical cost evaluation. The mask-
state algorithm is now experimentally proven as efficient to significantly reduce the
computational time for the analysis step during volcanic ash assimilation.

Note that it can also be observed that the computational time for the “other”
parts in Table 6.1 (such as operations for setting environmental variables, start-
ing and finalizing data assimilation algorithms, as mentioned in Section 6.2.1) is
slightly reduced by the MS method (i.e., 0.03 h in this case). This is because in
the conventional EnKF, the ensemble mean state �̄�𝐟 is calculated in the “other”
parts as an output to finalize the data assimilation algorithms, while in MS-EnKF,
the calculations of �̄�𝐟 are needed and directly involved in the “Analysis” part.

The result shows that benefiting from the success of reduced analysis step, the
overall computational cost indeed gets significantly reduced. The total execution
time is 1.95 h which is less than the simulation window of 3 h (09:00 – 12:00 UTC,
May 18, 2010). This result satisfies our goal to accelerate the computation to an
acceptable runtime (i.e., requires less run time than the time period of the data
assimilation application). Therefore, aviation advices based on the MS-EnKF can be
provided as not only accurate, but also sufficiently fast. Note that the result (1.95
h) is obtained after the volcanic ash is transported to the continental Europe. If
the assimilation is performed in the starting phase of volcanic ash eruption (when
aircraft measurements are available), a more significant acceleration would be ob-
tained. This is because in this case the volcanic ash is only transported in an area
near to the volcano, thus the number of no-ash grid cells will take a large proportion
(much higher than for this case study) of the full domain.

Another note is that in this chapter, we only perform the commonly used ensem-
ble parallelization for the forecast step (already efficient compared to the expensive
analysis step), but do not choose model-based parallelization (e.g., tracer or do-
main decomposition). As specified in Table 6.1, no parallelization is implemented
on the 6 tracers. This is because due to the important aggregation process (Folch
et al., 2010), there are big dependencies between different ash components and
thus it doesn’t make much sense to parallelize them. As for domain-decomposed
parallelization (Segers, 2002), it is not efficient here. This is because volcanic ash
is special in the sense that the model is only doing computations in a small part of
the domain (i.e., there is no data in a rather large part of domain), but this part is
continuously changing. Thus, a fixed domain decomposition is not very useful here
because of the changing plume position. In this sense, some advanced approach
such as adaptive domain-decomposed parallelization (Lin et al., 1998) might add
additional acceleration to the volcanic ash forecast stage. This is an interesting sub-
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ject for future in case, when a more complicated model is employed, only ensemble
parallelization may be not enough for the forecast stage.

6.4. Discussions
6.4.1. Applicability
For volcanic ash forecasts, only a relatively small domain is polluted compared to
the full 3D domain, so that the mask-state algorithm (MS) can work efficiently.
For other applications with similar characteristic (e.g., exploding nuclear plants or
factories, chemicals or oil leaking on seas), MS can achieve the same effect on
the computations of 𝐀𝐚 = 𝐀𝐟𝐗. It has been analyzed that when the number of
non-zero rows (𝑛 , i.e., the number of ash grids in a 3D domain) of 𝐀𝐟 satisfies
𝑛 < 𝑛, MS can work faster than standard EnKF. For volcanic ash application,
because 𝑛 is much less than 𝑛, the acceleration is thus quite large. Hence in
this case, we propose to embed the mask-state algorithm (MS) in all ensemble-
based data assimilation methods because it is fast and the implementation using
MS is exact to the standard ensemble-based methods, i.e., it doesn’t introduce any
approximation in view of MS procedures. Actually this proposal can be extended to
all real applications, even if the condition is not satisfied. This is because, in this
case the computational cost of MS for 𝐀𝐚 = 𝐀𝐟𝐗 becomes O(𝑛𝑁 ), which is the same
as that of using the standard assimilation (shown in Fig. 6.1b). Therefore, if the
state numbers equal to or close to the number of the total number of grid points in
the domain, the added computational cost by using MS is very small (neglectable),
so that the computational time with MS is almost the same as the time of using
the standard approach. Whereas, when the condition 𝑛 < 𝑛 is satisfied, MS
will accelerate the analysis step. Thus MS is generic and can be directly used in
any ensemble-based data assimilation, and this acceleration can be automatically
realized for some potential applications, without spending time investigating if the
condition is satisfied. In a real (or operational) 3D assimilation system, MS can
be easily included, i.e., we only need to invoke the MS module when computing
𝐀𝐚 = 𝐀𝐟𝐗, without any other change to the current framework.

As stated in Eq. (6.8), the speedup of the MS method is approximately the
inverse of . So far there is no statistical data on the value of . Consider the
problem of volcanic ash transport, there is only one emission point (at the volcano),
all the ashes in atmospheres are transported by the directional wind drive from the
same source point. Thus volcanic ash cloud is actually transported in a shape of
a plume, which in general doesn’t cover the full but only a small part of the 3D
domain. At the start phase of a volcanic ash eruption, is much smaller than
1.0 (started from 0). During transport over a long time (one and a half months for
this case study), increases to approximately . Therefore, the speedup of MS
on volcanic ash data assimilation will be significant.

6.4.2. MS and localization
Based on the formulation of MS, one may think it can be taken as a localization
approach ((Hamill et al., 2001)). There is indeed a similarity between MS and the
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localization approach, in a sense that when computing 𝐀𝐚 = 𝐀𝐟𝐗, both get rid of a
large number of cells, and only do computations related to the selected grids. These
two algorithms are however functionally different. This is because the localization
approach is meant for reducing spurious correlations outside a local region which
is built up around the measurement, thus the results with and without localization
approaches are different. While, MS is developed for the acceleration purpose. The
masked region is discontinuous and independent of locations of measurement, but
dependent on the model domain. Thus, there is no difference on the assimilation
results between using MS and without using it. Therefore, based on the functional
difference, MS cannot be taken as a localization approach.

In this chapter, we don’t employ the localization strategy in the analysis step,
because we use a rather large ensemble size of 100 to guarantee the accuracy. But
for some applications (e.g., ozone, CO , sulfur dioxide) especially when assimilating
satellite data, localization is a necessary approach and has been widely used in
reducing spurious correlations (Barbu et al., 2009; Chatterjee et al., 2012; Curier
et al., 2012). In these cases, because the localization approach forces the analysis
only to update state within a localization region, one may think that localization
could replace MS and there would be no significance to employ MS. Actually this is
not correct. We explain the reason as follows.

The Schur product 𝐟 ∘ 𝐏 in Eq. (2.9) is defined by the element-wise multiplica-
tion of the covariance matrix 𝐏 and a localization matrix 𝐟. 𝐟 is defined based on
the distance between two locations, thus it is dependent on the domain and needs
information of the full ensemble state locations. In this way, 𝐟 ∘ 𝐏 can contain
more zeros than 𝐏 , but the dimensions are not changed, so that the computa-
tions related to 𝐟 ∘ 𝐏 are actually not reduced. Therefore, we can understand the
localization approach in the analysis step as that the state within and outside a
local region are both updated with increments, but just the increments outside the
region are zero (which seems like not updating). This is also the reason why the
localization approach is not meant for acceleration but only for reducing spurious
covariances. Now it is clear that localization cannot replace MS. Actually both can
be performed together in dealing with the time-consuming part 𝐀𝐚 = 𝐀𝐟𝐗. The
localization approach can first transfer 𝐀𝐟 to a localized matrix with more zero rows.
Then MS can be used to accelerate the multiplication of the localized matrix and
𝐗. In this way, MS is expected to accelerate 𝐀𝐚 = 𝐀𝐟𝐗 with a high speedup rate,
because the computational cost of more zero rows in the localized ensemble state
matrix are avoided.

6.5. Conclusions
In this chapter, based on evaluations on the computational cost of volcanic ash data
assimilation, the analysis step was estimated as very expensive. Although some
potential approaches can accelerate the initialization and forecast step, there would
be no notable improvement to the total computational time due to the dominant
expensive analysis step. Therefore, to get an acceptable computational cost, the
key is to efficiently reduce the execution time of the analysis step.

After a detailed evaluation on various parts of the analysis stage, the most time-
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consuming part was revealed. The mask-state algorithm was developed based on
a careful study on the characteristic of the ensemble ash states. The algorithm
transforms the full ensemble state matrix into a relatively small matrix using a
constructed mask array. Subsequently, the computation of the analysis step was
sufficiently reduced. The mask-state algorithm is developed as generic, thus it can
be embedded in all ensemble-based data assimilation implementations. The extra
computational cost of the algorithm is small and usually neglectable.

The conventional ensemble-based data assimilation with the mask-state algo-
rithm is shown to successfully reduce the total computational time to within an
acceptable level, i.e., the time must be less than the time period of data assimi-
lation. Consequently, timely and accurate volcanic ash forecasts can be provided
for aviation advices. This approach is flexible. It boosts the performance without
considering any model-based parallelization, such as domain or component decom-
position. Thus, when a parallel model is available, the mask-state approach can be
easily combined with the model to gain a further speedup. It implements exactly
the standard data assimilation without any approximation and with easy configura-
tions, so that it can be used to accelerate the standard data assimilation in a wide
range of applications.



7
Satellite data assimilation to
improve forecasts of volcanic

ash concentrations

Infrared satellite measurements of volcanic ashmass loadings are often used
as input observations into the assimilation scheme. However, these satellite-
retrieved data are often two-dimensional (2D), and cannot be easily combined
with a three-dimensional (3D) volcanic ash model to continuously improve the
volcanic ash state in a data assimilation system.
By integrating available data including ash mass loadings, cloud top heights
and thickness information, we propose a satellite observational operator
(SOO) that translates satellite-retrieved 2D volcanic ash mass loadings to
3D concentrations at the top layer of the ash cloud. Ensemble-based data
assimilation is used to continuously assimilate the extracted measurements
of ash concentrations. The results show that satellite data assimilation can
force the volcanic ash state to match the satellite observations, and that it
improves the forecast of the ash state. Comparison with highly accurate air-
craft in situ measurements shows that the effective duration of the improved
volcanic ash forecasts is about a half day.

Parts of this chapter have been published in:
(Fu et al., 2016b): Satellite data assimilation to improve forecasts of volcanic ash concentrations, At-
mospheric Chemistry and Physics Discussions 1-22. doi:10.5194/acp-2016-436.
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concentrations

7.1. Introduction
Satellite measurements are of special interest, because the detection domain is
large and the output data is long-time continuous. For example, the Spin Enhanced
Visible and Infrared Imager (SEVIRI), on board the Meteosat Second Generation
(MSG) platform provides a large view coverage of the atmosphere and earth’s sur-
face (Schmetz et al., 2002). There are 3712 × 3712 pixels covering the full-disk.
Images can be acquired for the whole disk every 15 minutes. These satellite data
have been used for many years to retrieve ash mass loadings in a dispersing vol-
canic plume (Prata and Prata, 2012). Nowadays, ash mass loadings (Prata and
Prata, 2012), the effective particle size (Kylling et al., 2015) as well as the ash
cloud top height (Francis et al., 2012), are available in near real-time as satellite
products during volcanic plume transport. The availability of satellite-based data
provides us with an opportunity to employ data assimilation with a VATDM to con-
tinuously correct the volcanic ash state, and then improve the forecast accuracy of
volcanic ash concentrations.

There still exist difficulties on how to efficiently use volcanic ash mass load-
ings, because a VATDM is in most cases a 3D model, while the satellite-retrieved
ash mass loadings are 2D data. One 2D mass loading can be considered as an
integral of ash concentrations along a retrieval path (the path can be a line or a
curve which depends on a specified retrieval algorithm) (Prata and Prata, 2012).
Thus, the 2D measurements are not directly suited in a 3D data assimilation system.
Since satellites provides 2D ash mass loadings and the model has 3D concentra-
tions, an observational operator is needed by the data assimilation algorithm, and
must be derived to make both types of information directly comparable. For this
purpose, vertical information of the ash cloud, such as the ash cloud top height
(de Laat and van der A, 2012), the cloud thickness and the corresponding un-
certainties, should be included. Cloud-Aerosol Lidar with Orthogonal Polarization
(CALIOP) (Winker et al., 2012) lidar measurements can provide detailed vertical
information on plumes, but the measurements are spatially sparse and have low
temporal resolution (polar-orbit) and the data processing and delivery is not de-
signed for near real-time applications. Thus CALIOP data is not suitable to provide
the near real-time thickness information for the overall volcanic ash plume.

For the vertical thickness information of volcanic ash clouds, Schumann et al.
(2011) investigated on the 2010 Eyjafjallajökull eruption using airborne data that
the volcanic ash clouds spread over large parts of Central Europe, mostly from
hundreds to 3 km depth. This is consistent with the results of (Marenco et al.,
2011) who observed layer depths between 0.5 and 3.0 km. Dacre et al. (2015) also
examined the ground-based lidar data for the Eyjafjallajökull eruption and found a
mean layer depth of 1.2±0.9 km and compared this with model based estimates of
1.1±0.8 km. Prata and Prata (2012) found variable thicknesses ranging from 0.2 up
to 3 km. Recently, Clarisse and Prata (2016) reported 16 cases using ground-based
lidar measurements during the Eyjafjallajökull eruption and found 3 cases where the
cloud thickness was less than 500 m. Cloud thicknesses for Kasatacho (1.01±0.43
km), Sarychev Peak (1.37±0.42 km) and Puyehue-Cordon Caulle (1.80±0.58 km)
(private communication) all exceed 1 km, but Prata et al. (2015) reported lower
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cloud thickness with 80% of cases for the 2006 Chaiten eruption less than 400 m.
The vast majority of data suggest thickness in the range 0.5–3 km, but it is entirely
possible that thinner clouds (<400 m) do exist. Such clouds must have higher
concentrations to be detectable by current infrared satellite techniques (Prata and
Prata, 2012; Pavolonis, 2010)) that suggest a lower sensitivity in mass loading of
0.2 g m . Thin ash clouds, by their nature are of less concern to aviation because
such clouds would be traversed rapidly avoiding the possibility of particle build-up
that might lead to engine failure. From a modeling perspective lack of vertical
resolution in model wind data makes it not useful to make the cloud depth any less
than 500 m.

Based on these investigations, it is not realistic to use a deterministic value
to represent the overall ash cloud thickness, but we can reasonably assume that
the thickness has a range of 0.5–3.0 km at the corresponding horizontal location
of the SEVIRI retrieved measurements. Although this thickness information is not
deterministic, its uncertainty spread is suitable in an observational operator for
satellite data assimilation. Note that we are only considering the distal plume, at
least the part >100 km’s from source, which is because close to the emission source
the layering of volcanic ash did not necessarily take place.

In this chapter we focus on the case study of the Eyjafjallajökull volcanic ash
plume in May 2010. In order to integrate data and information about volcanic ash
clouds, the first goal in this chapter is to develop a satellite observational operator
to translate satellite-retrieved 2D ash mass loadings to 3D concentrations at the
top layer of the ash cloud. Secondly, using the extracted in situ measurements,
we investigate whether ensemble-based data assimilation can significantly improve
the volcanic ash state. Finally, the effective duration of the improved volcanic ash
forecasts after satellite data assimilation is quantified.

7.2. Available data for data assimilation
In this chapter, geostationary SEVIRI observations for the 2010 Eyjafjallajökull vol-
canic eruption plume (Prata and Prata, 2012) are used as the study case to design
a suitable satellite observational operator (SOO) for data assimilation. SEVIRI is
a 12-channel spin-stabilized imaging radiometer. Measurements are made with a
spatial resolution from 3 km × 3 km at the sub-satellite point to 10 km × 10 km
at the edges of the scan. A region covering 30∘ W to 15∘ E and 45∘ N to 70∘ N
is selected here for analysis which includes the geographic area affected by the
Eyjafjallajökull volcanic ash (see Fig. 7.1).

The main retrieval products from SEVIRI are ash mass loadings (Prata and Prata,
2012; Kylling et al., 2015) (see Fig. 7.1a, value at 0 means no data) where 03:15
UTC 16 May 2010 is chosen for the illustration, without loss of generality. The
mass loading at each 2D pixel gives information on the ash cloud from the top view
(Prata and Prata, 2012), which can be taken as an integration of ash concentrations
along the retrieval path. Besides ash mass loadings, other products including the
ash cloud top height (Fig. 7.1b), and the error of ash mass loadings (Fig. 7.1c)
are also available in a near real-time sense (Francis et al., 2012; Prata and Prata,
2012). As a parameter used in SEVIRI retrievals, the data of ash cloud top height
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Figure 7.1: Available volcanic ash data from SEVIRI on 16 May 2010 at 03:15 UTC. Data are
acquired from the European Space Agency (ESA) funded projects Volcanic Ash Strategic Initiative Team
(VAST). a, Ash mass loadings. Values at 0 mean no data. b, Ash cloud top height. c, Error in the
retrieved ash mass loadings.
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is adopted with the SEVIRI-KNMI product of ash height, which has been evaluated
with a reasonable accuracy, as reported by de Laat and van der A (2012). The error
of ash mass loadings indicates the uncertainty and accuracy of the retrieved mass
loadings.

All the data shown in Fig. 7.1 are acquired from the European Space
Agency (ESA) funded project – Volcanic Ash Strategic Initiative Team (VAST).
The VAST retrieval utilizes two techniques: 1) A rudimentary cloud detec-
tion scheme implemented in the Eumetsat operational scheme caled “VOLE”
(http://navigator.eumetsat.int/discovery/Start/DirectSearch/
DetailResult.do?f%28r0%29=EO:EUM:DAT:MSG:VOLE), and 2) A more
complex scheme called CID (Cloud Identification). This scheme is described
in an Algorithm Theoretical Basis Document (ATBD) (unpublished but available
here: (http://vast.nilu.no/satellite-observations/)). We have
used retrievals from the CID scheme. In this chapter, additional processing on the
retrieved data is needed to translate the data from the original SEVIRI resolution
to the VATDM resolution.

Limited validation has shown that the satellite ash retrievals are sufficiently ac-
curate for use with dispersion models to correct ash concentration forecasts (Prata
and Prata, 2012; Kylling et al., 2015). However, the correction cannot be directly
and automatically implemented by data assimilation due to the insufficient vertical
resolution in satellite data (Bocquet et al., 2015).

7.3. Satellite observational operator (SOO)
7.3.1. Derivation
The derivation of the satellite observational operator (SOO) is shown in Fig. 7.2.
The retrieved values by SEVIRI for the ash mass loadings (ML) can be taken as an
integration of ash concentrations along the retrieval path. In principle, the satellite
retrieval path could be complicated but generally it is assumed to be a straight
line (along the line-of-sight, ignoring refraction) from the measuring apparatus.
The angle between the local zenith and the line of sight to the satellite is called
Viewing Zenith Angle (VZA). The VZA for each pixel is computed according to the
satellite VZA algorithms (Gieske et al., 2005) by using general parameters (such as
longitude, latitude of each pixel). With the cosine of this angle and the retrieved
ash mass loadings (ML), the mass loadings in the vertical direction (ML ) can be
calculated by Eq. (7.1),

ML = ML × cos(VZA). (7.1)

To extract ash concentrations from SEVIRI retrievals, ML only is not sufficient
and knowledge about the vertical distribution of ash cloud must be included. The
cloud vertical profile can be described with the height of the top and the thickness
of the cloud. As introduced in Section 7.2, the cloud top height (H ) is available
from satellite remote sensing and the thickness of the plume is investigated (T
to T , i.e., 0.5 to 3 km). Fig. 7.2 illustrates how the 3D ash concentrations are
extracted from the obtained mass loadings in the vertical direction (ML ). The

http://navigator.eumetsat.int/discovery/Start/DirectSearch/DetailResult.do?f%28r0%29=EO:EUM:DAT:MSG:VOLE
http://navigator.eumetsat.int/discovery/Start/DirectSearch/DetailResult.do?f%28r0%29=EO:EUM:DAT:MSG:VOLE
http://vast.nilu.no/satellite-observations/
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Figure 7.2: Illustration of the satellite observational operator (SOO). The ash concentration is
extracted at the cloud top layer.

blue layer in Fig. 7.2 is determined by the lowest possible thickness (T ) and the
extraction layer used in this chapter only refers to the blue layer.

When the top height and the thickness range of ash cloud are known, the ash
concentration (C) in the extraction layer can be calculated by using the ash mass
loadings (ML ) at the corresponding horizontal location. The details are formu-
lated as follows. First we define

𝑁 = ⌈
T − T

T ⌉ , (7.2)

T = T + (𝑖 − 1) × T, C = ML
T , 𝑖 = 1, 2,⋯ ,𝑁 , (7.3)

where T is a step length and 𝑁 is the number of the possible thickness. T
represents the blue layer (see Fig. 7.2) with the fixed thickness of 0.5 km and
T − T represents the yellow layer with the fixed thickness of 2.5 km. T is
chosen at a small value compared to T , which guarantees 𝑁 is not too small
(e.g., less than 2) to sample enough thickness T , T , ⋯, T with equal probability.
(e.g., T is chosen as 0.05 km in this case study, thus 𝑁 is calculated as 50.)

Corresponding to the sampled thickness, the ash concentration can be calculated
as also a sample from C to C , as shown in Eq. (7.3). Therefore, the mean
(C ) and the standard deviation (C ) of the sampled ash concentrations can



7.3. Satellite observational operator (SOO)

7

95

be calculated by Eq. (7.4) and (7.5),

C = 1
𝑁 (C + C +⋯+ C ) , (7.4)

C = √ 1
𝑁 − 1[(C − C ) + (C − C ) +⋯+ (C − C ) ] . (7.5)

C is therefore used in this chapter as the extracted concentration C between
the heights [H - T ] and H (i.e., the blue layer in Fig. 7.2). How much of
the mass is distributed to the blue layer (ML ) can be calculated by Eq. (7.6),

ML = C × T . (7.6)

Note that, below the height [H - T ] (the yellow layer shown in Fig. 7.2),
ash concentrations should not be extracted, because the concentrations there can
be zero. For example, when H equals to 8.0 km and the cloud’s thickness is
1.0 km, thus ash concentrations between 7.5 km and 8.0 km can be obtained from
Eq. (7.4). However, the ash concentrations at 5.0 km cannot be extracted because
actually there is no concentration at that height. Another note is that Eq. (7.5) is
calculated based on the most commonly used assumption of Gaussian distribution
in error analysis. Gaussian often occurs in nature, and by lack of other information
this is therefore a suitable first choice.

7.3.2. Extraction error
Fig. 7.2 and Eq. (7.2) to (7.5) describe the details of the SOO. The operator trans-
forms the 2D ash mass loadings (ML) to 3D ash concentrations (C, here C=C ).
Fig. 7.3a is the extracted ash concentrations (C) at the cloud top layer. It can be
seen that the extracted ash concentrations in the ash plume are between 0.1 and
0.9 mg m .

Now we quantify the extraction error C (i.e., error in the extracted concen-
trations), which is important for a data assimilation system. The extraction error
is not equivalent to C , but depends on both the retrieval error ML (error in
mass loadings, as shown in Fig. 7.1c) and C . The dependence is described by
Eq. (7.7) in terms of uncertainty,

U = 1 − (1 − MLML )(1 − CC ) , (7.7)

where the uncertainty (U ) of the extracted concentrations is calculated based on
the derivation uncertainty ( , normalized standard deviation) and the retrival
uncertainty ( ). Eq. (7.7) is defined according to the fact that the extraction is
performed on the uncertain ash mass loadings, indicating the conditional probability
relation. Now U is quantified, the error (C ) in the extracted concentrations can
be easily obtained by Eq. (7.8),

C = C × U . (7.8)
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Figure 7.3: Results of the satellite observational operator (at 16 May 2010 at 03:15 UTC). a,
Extracted ash concentrations at the cloud top layer. b, Error in the extracted ash concentrations.
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Fig. 7.3b is the illustration of the extraction error C , which together with C de-
scribes the 3D measurements (mean, error) for ensemble-based data assimilation.

The outcome of SOO can be considered as preprocessing to the satellite data
assimilation system. The extracted data only represents the data at the cloud top
height, which can be taken as the data within the 0.5 km layer thickness. The
other layer thickness is also of high importance, which is used for the derivation of
uncertainties.

7.4. Assimilation of satellite-extracted ash concen-
trations

7.4.1. Satellite data assimilation system
The ensemble square root filter (EnSR, see Section 2.2.4), in most applications a
more efficient method (Evensen, 2004) than the ensemble Kalman filter, is employed
in this chapter to perform the ensemble-based data assimilation. Note that the
observational operator (𝐇, see Section 2.2.4) used in EnSR is different from SOO.
SOO is an operator designed as a preprocessing procedure before data assimilation,
which doesn’t depend on the model space and aims to transfer 2D satellite data
into 3D measurements for later usage in EnSR. While, 𝐇 is an intrinsic operator in
the EnSR algorithm as specified in Section 2.2.4.

The model run starts at 00:00 UTC 15 May 2010 with an initial ash load obtained
from previous LOTOS-EUROS model run. As the model state changes with time in
the numerical simulation (the time step of the model run is 15 minutes used by
Fu et al. (2015)), the model result from the previous time step is taken as the
initial state for the next time step. When the model run arrives at 01:00 UTC 16
May, the volcanic ash state gets continuously modified by the data assimilation
process until 00:00 UTC 18 May, by combining the extracted measurements of ash
concentrations.

7.4.2. Total measurement error
To assimilate measurements in a simulation model, the total measurement error
must be first estimated, which not only contains the extraction error (Section 7.3.2),
but also includes an estimate of the model representation error (Fu et al., 2015).
The model representation error is the discrepancy between the measurement loca-
tion and where the model can represent the measurement. Concentration values
are defined on discrete grids with a finite resolution at discrete time steps. The
grid resolution of the model used in the chapter is 0.25∘ longitude × 0.125∘ latitude
× 1 km altitude, while the SEVIRI pixel size here is 0.1∘ longitude × 0.1∘ latitude.
After a careful check on the SEVIRI measurements, a measurement location does
not coincide with the grid center point where the concentration value is defined.
In this chapter, a preprocessing procedure before data assimilation is employed to
average all measurements in a model grid to generate a new measurement value
for this model grid. With this approach, one new measurement thus almost cor-
responds to one model state point, which means the representation error of the
model is probably small. For the moment we will therefore not explicitly specify
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a model representation error, but implicitly assume that it is zero. Therefore, the
total measurement error used in data assimilation, is equal to the extraction error
in this chapter.

After the measurements of concentrations are extracted and the total measure-
ment error is quantified, EnSR can be used to combine them with the LOTOS-EUROS
model running to reconstruct optimal estimates.

7.4.3. Assimilation performance
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Figure 7.4: Examination of EnSR effect when assimilating SEVIRI-extracted ash concentra-
tions at 01:00 UTC 16 May 2010. a, EnSR forecast (ensemble mean) of PM concentrations. b,
EnSR analysis (ensemble mean) of PM concentrations. c, Extracted measurements of PM concen-
trations from the satellite observational operator. Ash concentrations shown in a, b, c are at the ash
cloud top layer height d.

In the following, we first examine how data assimilation actually works in the
system (see Fig. 7.4). The first assimilation result with EnSR (Fig. 7.4a, b), at
01:00 UTC 16 May 2010, is shown against the SEVIRI extracted measurements
(Fig. 7.4c). Ensemble-based data assimilation includes two steps (forecast and
analysis, see Section 2.2.4). After one-day of model running started from 00:00
UTC 15 May 2010, the EnSR forecasted state at 01:00 UTC 16 May 2010 is shown
in Fig. 7.4a. Comparing the state to the extracted measurements (Fig. 7.4c), the
former (with concentrations higher than 2.0 mg m in the main plume) shows a
much larger estimation compared to the latter (with concentrations mostly lower
than 0.8 mg m ). After the EnSR analysis step (see Fig. 7.4b), the concentrations
in large parts are now closer to the extracted measurements. In reality, a potential
overestimation is usually elusive and hard to avoid, which is mainly due to lack of
sedimentation processes (Fu et al., 2016a). The comparison between the state of
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analysis and forecast illustrates that the EnSR assimilation process can potentially
solve the problem of overestimation. Note that, in this chapter only PM ash
component is considered in the assimilation system, which is consistent with that
during satellite retrievals, only the fine particles (mostly with sizes <10.0 𝜇m) can
be detected in the tropospheric volcanic plume based on the robust and reliable
retrieval algorithms (Prata, 1989; Corradini et al., 2008). It is also the main mass
fraction that is transported at large distances from the source, since most of the
large particles (and therefore mass) is removed quickly from the plume.
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Figure 7.5: PM mass loadings with EnSR against the SEVIRI retrieval at 00:00 UTC 18 May
2010. a, SEVIRI retrieved mass loadings. b, Simulated mass loadings without assimilation. c, Mass
loadings (ensemble mean) after 2-days EnSR assimilation.

The results above were compared in terms of concentrations, not the original
mass loadings. To guarantee the assimilation performance, the comparison in con-
centrations only is not sufficient, because the original data is not concentrations but
mass loadings. If SOO is not accurate enough for extracting the concentrations at
specified heights, the assimilation results still can approximate well the inaccurate
extracted concentrations due to the intrinsic forcing of ensemble-based algorithms.
Obviously, the approximation in this case is incorrect. Based on this considera-
tion, original measurements (i.e., SEVIRI ash mass loadings, see Fig. 7.5a) need
to be employed for a further validation. After two-days continuously assimilating
SEVIRI measurements of the extracted PM concentrations, the analyzed volcanic
ash state at 00:00 UTC 18 May 2010 is shown in in Fig. 7.5c. The conventional
simulation without assimilation is also presented (Fig. 7.5b), which is currently the
commonly used strategy for the simulation of volcanic ash transport (Webley et al.,
2012; Fu et al., 2015). It is clear that the mass loadings with EnSR are in a good
agreement with the SEVIRI mass loadings, in almost the entire plume. For exam-
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ple, in the area of the Netherlands, the mass loadings from EnSR are accumulated
to 2.9 – 3.2 g m , which is in good match with SEVIRI retrieved 3.1 g m . While
with the conventional simulation, the mass loadings in this area exceed 5.0 g m .
It can be seen that EnSR effectively decreases the estimation level compared to
the conventional simulation. Because the measurements used in the assimilation
system are extracted with the SOO, thus the good results with respect to mass
loadings also verify the suitability of SOO for extracting reliable 3D concentrations.
Note that here we also checked the SEVIRI mass loading retrieval error and the
standard deviation of the mass loadings, and found that both have the same order
of magnitude.

7.5. Quantification of the effective forecast duration
using aircraft in situ measurements

According to discussions above, the accuracy of volcanic ash state is significantly im-
proved by ensemble-based data assimilation after a continuous assimilation period
(e.g., two days). Apparently, with the improved state as initialization, an improved
forecast can be obtained (Fu et al., 2015). However, it remains unknown how long
the improvement on forecasts will last.

To investigate the effective duration of the improved ash forecasts after assimila-
tion, a one-day forecast is performed by initializing EnSR analyzed state (Fig. 7.5b)
at 00:00 UTC 18 May 2010. For this investigation, the best way is to compare the
forecasted concentrations with high-accurate real-time measurements. Satellite-
based data may not be the best choice because usually there are big uncertainties
in the measurements (Prata and Prata, 2012; Lu et al., 2016b). Aircraft-based mea-
surements can be the optimal type of observations for this investigation, because
the measurements allow sampling of the ash cloud with a high spatial and temporal
resolution and by using optical particle counters (OPC) this type of measurement is
estimated at a high accuracy of 10% (Weber et al., 2010).

Fortunately, some aircraft measurements on 18 May 2010 from 09:30 to 15:30
UTC are available, which were performed by the group Environmental Measure-
ment Techniques at Düsseldorf university of Applied Sciences. The measurements
took place in the North-West part of Germany including the border between the
Netherlands and Germany, see Fig. 7.6a. The aircraft took off from the airfield
“Schwarze Heide” in the Northern part of the Rhein-Ruhr area, headed along the
Dutch-German border in the direction of the North Sea, continued towards Ham-
burg and then returned to the airfield. Along the route, concentrations of PM
and PM . were measured. Fig. 7.6b and 7.6c are the comparison of aircraft PM
measurements against the forecasted concentrations after assimilation and without
assimilation.

For the period from 09:30 to 11:00 UTC (Fig. 7.6b), although the forecasting
time has been over 9 hours (i.e., the last assimilation is 9 hours ago), the forecasted
concentrations still have a good match with the accurate aircraft measurements,
while the conventional forecast (i.e., forecast without assimilation) doesn’t. This
result shows the forecast over 11 hours after assimilation has also a high accuracy
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Figure 7.6: Quantification of effective assimilation forecasts using aircraft measurements
(Date: 18 May 2010). a, Aircraft measurements route. b, Comparisons of measurements, forecasts
after assimilation (ensemble mean) or without assimilation from 09:30 to 11:00 UTC. c, Comparisons
from 12:30 to 15:00 UTC.

compared to the measurements. The result can be extended to 15 hours comparing
with the other period from 12:30 to 15:00 UTC (Fig. 7.6c). Therefore, the validation
test with aircraft in situ measurements shows that the regional forecasts (i.e., in
the regions of North-West part of Germany) after satellite data assimilation remains
valid and accurate for at least 15 hours. This is an important indication about
how long a valid regional aviation advice based on the forecast after assimilation
can last. This time duration lasts probably even longer, but we don’t have aircraft
measurements later than 15 hours available to evaluate this. Considering that this
duration is likely to be dependent on the weather dynamics, so in this study we
quantify the effective time duration at a shorter length for a conservative estimate,
e.g., 12 hours (a half day).

7.6. Conclusions
In this chapter, we choose the Eyjafjallajökull volcanic ash plume in May 2010 as
the study case. In this chapter, a satellite observational operator (SOO) was de-
veloped to translate 2D satellite ash mass loadings to 3D ash concentrations at the
top layer of volcanic ash clouds. To extract ash concentrations, not only the SEVIRI
data of ash mass loadings, ash cloud top height are employed, but also a reason-
able assumption of the ash cloud thickness range (0.5–3 km), at the corresponding
horizontal location of the SEVIRI retrieved measurements, are combined. The ad-
vantage of SOO is that it can use rough thickness information to get uncertain
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concentrations, which are suitable for the data assimilation methodology.
The extracted ash concentration measurements enable us to perform ensemble-

based data assimilation in a 3D volcanic ash transport model. By employing a pre-
processing procedure before data assimilation to generate new measurement val-
ues by averaging all surrounding measurements, the model representation error is
approxiamtely zero. The extraction error is also calculated, and the total measure-
ment error (defined as the sum of the extraction error and the model representation
error) is therefore quantified, which together with the concentrations describe the
3D measurements (mean, error) for a data assimilation system. The results showed
the assimilation significantly reduces the estimation level of the conventional simula-
tion. The accuracy of the volcanic ash state was shown to be significantly improved
by the assimilation of satellite mass loadings. The good assimilation performance
also verifies the suitability of the proposed SOO.

With the improved volcanic ash state as initialization, improved volcanic ash
forecasts are obtained. Quantification using highly accurate aircraft in situ mea-
surements showed that the forecasts after satellite data assimilation remain valid
and accurate up to a half day. This effective time period probably lasts even longer
and this should be further tested when more aircraft measurements are available.



8
Conclusion

8.1. Overview
The conclusions of this thesis are given in this chapter and are listed as follows
(Con1–Con5) corresponding to the research questions and objectives (RQ1–RQ5,
see Chapter 1.5)

Con1: In this thesis aircraft-based measurements have been assimilated in an
ensemble-based data assimilation system to provide volcanic ash transport
forecasts. By assimilating aircraft-based measurements, the forecasts of vol-
canic ash transport were significantly improved. The advice of aeroplane fly-
ing safety made using the assimilation forecast was accurate, whereas the
simulation result gave a wrong advice. The aircraft-based measurements
should be taken at the same level as the level of interest. When at this level
measurements are not available, it has been shown that by assimilating mea-
surements from close levels, an acceptable advice can still be obtained. In
twin experiments, through comparing assimilation results of PH, MER and
measurement uncertainty with those using wrong uncertainty information,
we found that assimilating aircraft-based measurements only performs well
when sufficient knowledge of the statistics of the uncertainties is available.
Otherwise, accurate assimilation results cannot be guaranteed.

Con2: Aircraft-based type of measurements can perform well in data assimilation
systems. Therefore aircraft in situ measurements in distal volcanic ash
clouds were assimilated in the LOTOS-EUROS model. During the assimi-
lation, the error of the analyzed volcanic ash state was significantly reduced
through assimilating real-life in situ measurements. The improved volcanic
ash state after assimilation are the result of an accumulation of all previous
assimilation effects. It was shown that all the assimilation steps contribute to
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the final result. To examine whether the assimilated volcanic ash states were
indeed more accurate than the conventional simulation, a validation with fu-
ture in situ measurements was conducted. The forecast with assimilation
was shown to be more accurate than the conventional forecast without as-
similation. It was concluded that the assimilation process performed well in
combining with the LOTOS-EUROS transport model with real measurements.

The validation results also revealed that with the transport model alone, it
is difficult to accurately model volcanic ash movements. This is probably
because model parameters (e.g., the plume height) are uncertain and some
processes are missing, for example, coagulation, evaporation, and resus-
pension. Analysis of the results showed that the data assimilation approach
used herein is able to compensate for some of the model’s deficiencies. Air-
craft in situ measurements have a high accuracy and plays an important role
to a successful data assimilation. The aircraft can enter the plume to selec-
tively obtain observations, so that the measurements are in situ and optimal
for the ensemble-based data assimilation methodology.

A study has also been carried out on the impact of the improved forecasts
of distal ash plume on aviation advice. We found that after assimilation,
the most significant improvements on distal ash clouds are in the down-
wind direction which in our case was mainly Germany. This phenomenon
is due to the wind direction and the transport process during the assimi-
lation. Our investigation shows that the accuracy of aviation advice within
the area influenced by the data assimilation can significantly benefit from
the ensemble-based data assimilation process. The computer experiments
revealed that the time period of the improvements in the areas downwind of
the assimilated observations can be taken as 24 hours. Based on this result,
we suggest to schedule an aircraft measurement campaign at a frequency
of once per day. This can be used to provide guidelines for planning future
regional measurement tasks. The suggested frequency should be adjusted
by the temporal strength (due to wind induced transport) on the assimilation
influenced area.

Con3: An accurate localization matrix has been designed for covariance localization
to maintain the correctly specified physical forecast error covariances and
remove as many of the spurious covariances as possible. As a reference,
the physical (“real”) forecast error covariances were first approximated as
accurate as possible by the sampled forecast error covariance matrix using
an ensemble size of 500.

The structure of the forecast error covariances was investigated directional
along the wind forcing, but sometimes “upwind-dominant” or “downwind-
dominant” or possibly “upwind-downwind-equivalent”. By checking the es-
timated (at an ensemble size of 500) correlations and standard deviations,
the latter is revealed as the key to represent the directional strength of
the covariances. Therefore, “two-way-anisotropic” and “standard-deviation-
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dependent” characteristics were concluded as the two most important prop-
erties of the physical forecast error covariances.

Motivated by these analysis, a two-way-tracking approach was proposed
to define the localization matrix (for covariance localization), aiming at ac-
curately capturing the specified physical covariances. The forward model
was used to track the downwind correlations during the past time. The
approach of tracking the upwind correlations was essentially based on the
adjoint model to trace the sensitivities of the state with respect to the mea-
surement backwards in time. However, the adjoint was approximated in
a practical way using a backward simulation of the original model. In the
two-way-tracking formulation, we only considered the model processes of
advection and diffusion. This consideration is consistent with the reality
that, in the distal part of an ash plume, the advection and diffusion are the
dominant processes. After the correlations were two-way tracked, the infor-
mation of the standard deviations was further included. Finally, a covariance
mask required for the localization matrix was created.

According to the experimental results, the two-way-tracking localization (TL)
approach was examined and verified as a proper and accurate covariance lo-
calization for the application of volcanic ash assimilation. Although our case
study showed TL successfully captured the “upwind-dominant” covariances,
TL can also work for other types of covariance structures (e.g., “downwind-
dominant”) because the information of standard deviations was explicitly
included in the method. The forecast performance with TL-EnKF was shown
to be comparable with the referenced (with a much larger ensemble size)
EnKF performance. It indicates that the accumulated inaccuracies of TL-
EnKF in approximating the physical error covariances are actually small and
acceptable. It also showed that the formulated two-way-tracked covariance
mask can roughly capture the covariance patterns with an acceptable accu-
racy, because it is only used for constructing the domain for the localization
procedure. Additionally, it has been shown that the additional computational
cost of TL-EnKF is very modest when compared with the referenced EnKF
both in serial or parallel cases.

Distance-based localization (DL), the commonly used covariance localization
approach, was also performed as comparisons with TL. The experimental re-
sults showed that the effect of DL-EnKF either is very small (with a small fil-
tering length scale) or largely over-corrects the concentrations (with a large
filtering length scale). Although DL-EnKF is not accurate in dealing with
sampling errors compared to TL-EnKF, some other variants of DL-EnKF (e.g.,
with adaptive radius or radius based on various distance-based functions)
might be expected to achieve an acceptable performance for maintaining
the “two-way-anisotropic” and “standard-deviation-dependent” covariances.
An approach to correct the problem of underestimation in the sampled fore-
cast error covariance matrix, covariance inflation was also investigated when
embedded in TL-EnKF. The impact of inflation was clearly positive.
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Con4: Based on evaluations on the computational cost of volcanic ash data assim-
ilation, the analysis step turned out to be very expensive. Although some
potential approaches can accelerate the initialization and forecast step, there
would be no notable improvement to the total computational time due to the
dominant analysis step. Therefore, to get an acceptable computational cost,
the key is to efficiently reduce the execution time of the analysis step.

After a detailed evaluation on various parts of the analysis stage, the most
time-consuming part was revealed. The mask-state algorithm was devel-
oped based on a study on the characteristic of the ensemble ash states.
The algorithm transforms the full ensemble state matrix into a relatively
small matrix using a constructed mask array. Subsequently, the computa-
tion of the analysis step was sufficiently reduced. The mask-state algorithm
is developed as generic, thus it can be embedded in all ensemble-based data
assimilation implementations. The extra computational cost of the algorithm
is small and usually neglectable.

The conventional ensemble-based data assimilation with the mask-state al-
gorithm is shown to successfully reduce the total computational time to an
acceptable level, i.e., less than the time period of the data assimilation. Con-
sequently, timely and accurate volcanic ash forecasts can be provided for avi-
ation advices. This approach is flexible. It boosts the performance without
considering any model-based parallelization, such as domain or component
decomposition. Thus, when a parallel model is available, the mask-state ap-
proach can be easily combined with the model to gain a further speedup. It
implements exactly the standard data assimilation without any approxima-
tion and with easy configurations, so that it can be used to accelerate the
standard data assimilation in a wide range of applications.

Con5: After getting good results from aircraft data assimilation, the assimilation of
satellite data, being the most popular measurements, was investigated. A
satellite observational operator (SOO) was developed to translate 2D satel-
lite ash mass loadings to 3D ash concentrations at the top layer of volcanic
ash clouds. To extract ash concentrations, not only the SEVIRI data of ash
mass loadings, ash cloud top height are employed, but also a reasonable as-
sumption of the ash cloud thickness range (0.5–3 km), at the corresponding
horizontal location of the SEVIRI retrieved measurements, are combined.
The advantage of SOO is that it can use rough thickness information to
get uncertain concentrations, which are suitable for the data assimilation
methodology.

The extracted ash concentration measurements enable us to perform
ensemble-based data assimilation in a 3D volcanic ash transport model. By
employing a preprocessing procedure before data assimilation to generate
new measurement values by averaging all surrounding measurements, the



8.2. Outlook

8

107

model representation error is approxiamtely zero. The extraction error is
also calculated, and the total measurement error (defined as the sum of
the extraction error and the model representation error) is therefore quanti-
fied, which together with the concentrations describe the 3D measurements
(mean, error) for a data assimilation system. The results showed the assim-
ilation significantly reduces the estimation level of the conventional simula-
tion. The accuracy of the volcanic ash state was shown to be significantly
improved by the assimilation of satellite mass loadings. The good assimila-
tion performance also verifies the suitability of the proposed SOO.

With the improved volcanic ash state as initialization, improved volcanic ash
forecasts are obtained. Quantification using highly accurate aircraft in situ
measurements showed that the forecasts after satellite data assimilation re-
main valid and accurate up to a half day. This effective time period probably
lasts even longer and this should be further tested when more aircraft mea-
surements are available.

8.2. Outlook

In this thesis, we applied an off-line approach for model running and simply used
the deterministic meteorological input data. These data also contain uncertainties
that influence ash cloud transport. In future work, in order to further improve the
accuracy of ash forecasting, uncertainties in the meteorological data such as wind
speed should also be considered. We may expect that with other types of measure-
ments (e.g., satellite-based or LIDAR-based) together, the assimilation results will
be further improved since the aircraft measurements cannot always be obtained.
However, for this multi-observation data assimilation, other challenges need to be
first considered such as insufficient vertical resolution of certain satellite data.

For two-way-tracking localization, in future, if the aircraft in situ measurements
are close to the volcano, not only advection and diffusion, but also some other
model processes such as emission, sedimentation and deposition might be impor-
tant. How to two-way track the localization region, including these processes, re-
mains an interesting issue for future investigations. The TL-EnKF can also be applied
to other assimilation applications with in situ measurements. However, for appli-
cations where there are a lot of measurements at one analysis time, TL-EnKF may
require a large computational effort, unless the two-way track can be done in par-
allel or it is restricted to a small domain only. Whether this approach is useful for
large numbers of observations that constrain a larger portion of the state space is
a broader question that will be investigated in future work.

The mask-state algorithm is developed as a generic approach, thus it can be em-
bedded in all ensemble-based data assimilation implementations. The extra com-
putational cost of the algorithm is small and usually neglectable. The mask-state
algorithm currently is only designed for the sequential case. Actually this approach
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can also be adapted for parallel implementation. This is because the related matrix
multiplication can be easily parallelized on multiple processors. Optimization and
evaluation on the parallelized mask-state algorithm will be considered in future.

The mask-state is flexible. It boosts the performance without considering any
model-based parallelization, such as domain or component decomposition. Thus,
when a parallel model is available, the mask-state approach can be easily combined
with the model to gain a further speedup. It implements exactly the standard data
assimilation without any approximation and with easy configurations, so that it can
be used to accelerate the standard data assimilation in a wide range of applications.

The use of aircraft in situ measurements is the essential reason why the mask-
state algorithm perfectly works. For each analysis step, the number of measure-
ments are quite small, and the procedure of the singular value decomposition
(SVD) costs little. However, in other applications when many measurements are
assimilated (e.g., satellite-based or seismic-based data), and the number of mea-
surements is of the same order as the number of state variables, the most time-
consuming part will be the SVD. In these cases, the contributions of the mask-state
algorithm will be limited.

For assimilating satellite retrieved 2D ash mass loadings in 3D VATDM, we de-
veloped a satellite observational operator by considering cases where one singular
ash cloud is present. Actually, it could happen that there are several isolated vol-
canic ash clouds in the vertical direction. The methodology of SOO is also valid for
these cases, where the top isolated ash cloud does not correspond to the full but
to a fraction of SEVERI ash mass loadings. How to determine the reasonable pro-
portions/percentages for multiple isolated vertical ash clouds will be investigated in
future.
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For future, I want to contribute to all data assimilation related fields.
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