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Introduction

In early October 2017, the International Atomic Energy Agency (IAEA) was informed by
Member States that low concentrations of R weremeasured in higlrolume air samples

in Europe from routine monitoring networks. However, no information was given that an
accidental release of RLO6 had taken place. Such evemtdicating the release of

anthropogenic radionuclides to the environmagnify the need for prompt and accurate
responses from national iation protection authoritieg his requires that methodologies,

which aresuited for operational use, are developed for spatial and temporal localization of the
source of contamination bed on available monitoring data.

For operational use, nuclear decisgupport systems (DSSs) should be extended with
modules handling such monitoring data automatically, e.g. by employing the European
Radiological Data Exchange Platform (EURDEP), andregimgsuchdata to the national
meteorological centre accompanied by a request to run an atmospheric dispersion model in
inverse modgi.e. to run the adjoint model backwards in tiniee aim would be to determine

a geographical area in which iad thepotential release pointhe release perioand

possibly the quantities of radionuclides released to the environment

In the SLIM project, the following results are obtained:
1 Two case studies are identified and selected, viz. the ETEXd theDctober 2017 case
of Ru-106 in Europe.
1 Methods for temporal and spatial source localization are developed, implemented and
describedThe methods can be applied both to a deterministic weather prediction model
data set, and to an ensembtatistical datset thedescribing thenherent meteorological
uncertainties.
Quality-controlled measurement data of grodeadel concentration are obtained.
Deterministic numerical weather prediction (NWP) model data are derived from the
European Centre for MediuRangeWeather Forecasts (ECMWF) corresponding to the
selected cases.
1 The inverse methods for source localization ardiegpy using the DERMA, MATCH
and SNAP atmospheric dispersion models to both staskesusing the deterministic
meteorological data.
1 A high-resolution limitedareaensemble prediction system based on the Harmonie
numerical weather prediction model has been set up and applied to the two selected cases.
1 The inverse methods for source localization are applitdthe DERMA, MATCH,
SILAM and SNAP atmospheric dispersion models to both cases using the ensemble
statistical meteorological data.

= =

In the previous NKSB project MUD (Sgrenseet al.,2014), a methodology was developed
for quantitative estimation of the uncertainty of atmosphericedsspn modelling stemming
from the inherent uncertainties of meteorological model predictions. Subsequently, in the
projects FAUNA (Sgrensegt al.,2016) and MESO (Sgrensenal.,2017), the implications
for nuclear emergency preparednasd managememtere studied also for sherange

models and by applying the methodology to the Fukushima Daiichi emerdemtlyermore,

a methodology was developed in the AVESOME project (Sgrestsan 2019 2020
guantifying the combined effects of uncertainties of the seterre descriptions and the
meteorological data on atmospheric dispersion predidii@ans to implement the
uncertainties in DSSs, and the impacts ontiead emergency management, were dbsd.
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Atmospheric Dispersion Models

Danish Emergency Response Modelf the Atmosphere (DERMA)

The Danish Emergency Response Model of the Atmosphere (DERMA) (Sgetraden

2007; Sgrenseri998) is a comprehensive numerical regional and fsesle atmospheric
dispersion model developed at the Danish Meteorological Institute (DMI). The model is used
operationally for the Danish nuclear emergency preparedness, for which the Danish
EmergencyManagement Agency (DEMA) is responsible (Hael, 2002). Besides, the

model is employed for veterinary emergency preparedness (Sgetradef000;2001;
Mikkelsenet al, 2003; Glosteet al, 2010a;2010b), where it is used for assessment of
airborre spread of animal diseases, e.g.-mudmouth disease. DERMA may also be used to
simulate atmospheric dispersion of chemical substances, biological warfare agents and ashes
from volcanic eruptions, and it has been employed for probabilistic nucleasssksment
(Lauritzenet al.,2006;2007; Baklano\t al, 2003; Mahurat al, 2003;2005).

The main objective of DERMA is to predict the dispersion of a radioactive plume and the
accompanied deposition. However, the model may ladsused in situationghereincreased

levelks of radioactivity hae been measured but no informatiomasealedon a radioactive
releaseln such cases, inverse (adjoint) modelling may be applied whereby potential sources
of radioactivity may be localised and releastes estimated.

The threedimensional model is of Lagrangian type making use of a hybrid stochastic
particlepuff diffusion description, and it is currently capable of describing plumes at
downwind distances up to the global scale (Sgreasah 1998) The model utilizes aerosol
size dependent dry and wet deposition parameterisations as described by Baklanov and
Sgrensen (2001).

Currently, DERMA makes use of analysed and forecasted meteorologicalfdadaous
deterministicversionsat DMI of the NWP modelHarmonie Bengtssoret al.,2017)covering
North-western EuropeGreenland and the Faerpaad from the global model developed and
operated by the European Centre for Mednamge Weather Forecasts (ECMWFurther,
DERMA utilizes theCOMEPSensemble prediction system, which is based on the Harmonie
model.

DERMA is interfaced with the Accideeporting and Guidance Operational System
(ARGOS) (Hoeet al.,1999; 2002), a PC based nuclear decisiopport system developed by
the Prolog Development Center (PDC). The integration of DERWtA the ARGOS system

is effectuated through automated onlghgital communication and exchange of data between
the ARGOS system aride DMI High Performance Computing (HPC) facility

Multi -scale Atmospheric Transport and Chemistry model (MATCH)

The Multi-scale Atmospheric Transport and Chemistry model (MATCH) (Robeetsah,

1999) is multipurpose Eulerian chemical transport model (CTM) develtydatie SMHI.

The model is used for emergency application such as nuclear and natural evenmegyolca
aerosol dynamics and optics (Anderssbal.,2015), complex chemistry, and data

assimilation (Robertson and Langner, 19Q8hnert, 2008Kahnert, 2018). The MATCH

model is used operationally for chemical forecasts in CAMS (Copernicus Atmospheric
Monitoring Service) and for SSM (Swedish Radiation Safety Authority) serving the ARGOS
system needs (Haat al.,1999; 2002). Other applications are studies for air quality and health
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issues in climate projections. In most applications MATCH is used astadiarea model on
various possible scales, but also for global applications.

The MATCH model is basically an Eulerian model but for emergency applications a
Lagrangian particle model is used in the near field of the emission location.

A wide range opossible driving meteological data is applicable likenalyses and forecasts
from HARMONIE, IFS (ECMWF) and WRF.

System for Integrated modeLling of Atmospheric coMposition (SILAM)

SILAM (System for Integrated modeLling of Atmospher@Viposition,, last access: 5 Jan

2021) is an of pi ne 3J(Eofieveh . 2015). SILAMifeataresamass t mo d
conservative positived ey ni t e advection scheme bhgieant makes
runs. The model can be run at a range of resolutions starting from a kilometre scale in a
limited-area up to a global coverage. The vertical structure of the modelling domain consists

of stacked layers starting from the surface. The layers cae jerde d e-iothijghed i n z
sigmapressure coordinates. The model can be driven with a variety of NWP (numerical

weather prediction) or climate models.

The model is used for emergen®sponse applications and includes radioactive
transformation mechamsand various passive tracers.

Severe Nuclear Accident Program (SNAP)

The Norwegian Meteorological Institute (MENorway) is responsible for modelling
atmospheric dispersion of radioactive debris in the event of a nuclear emergency related to a
nuclear accident or detonation. An additional task of the Mgfway in a nuclear

emergency is to identify unknown sources of radiation indicated by elevated levels of
measurement. The basic tool used by the NN&Ffway for such events is the Severe Nuclear
Accident Program (SNAP) (Bartnickt al.,2011;Klein and Bartnicki, 2018

The SNAP model was developed at the MEdrway in 1994 as a Lagrangian particle model.
The present version is fully operational at the MEdrway and takes into account

atmosphgc transport and deposition of gases, noble gases and patrticles of different size and
density emitted during nuclear accidents or explosions. SNAP can also be run remotely by
experts from the Norwegian Radiation and Nuclear Safety Authority (DSA) wteesre th
Norwegian Crisis Committee is located.

Once released into the air, radioactive gases and particles are subject to advection, turbulent
diffusion and deposition (dry and wet). In the SNAP calculations, the advection process is
immediately followed by thdiffusion process. A random walk approach is used to
parameterise horizontal and vertical diffusion. When large and dense patrticles are released,
gravitational settling is more effective than vertical diffusiamd this process is taken into
account. Th6&NAP model has been used both fongliations of historical events,g.

nuclear detonations in Naya Zemlya, Chernobyl Accide(Bartnickiet al.,2016) and real

time simulations, e.g. the Fukushima accidénvas tested in the ETEX experiment and

showed good agreement with observations (Saltbenals, 1998). SNAP is the dispersion

model currently used by the MENorway in the Center of Excellence: CERAD CoE.



ETEX-1

After the Chernobyl accident in April 1986 and the adoption oCthvevention on Early

Notification of a Nuclear AccideftAEA, 1986), the International Nuclear Safety Advisory

Group (INSAG) of the International Atomic Energy Agency (lEecommended inter alia
thatthe IAEA should, in collaboration with the World Metetogical Organisation (WMO),

review and intercalibrate the models of atmospheric transport of radionuclides over short and
long distances and of radionuclide deposition on terrestrial surfaces, and establish a database
for validation studies of thegseodds.

Following this recommendation, the joint IAEA/WMO Atmospheric Transport Model
Evaluation Study (ATMES) was initiated in November 1986. The objective of ATMES was
to compare the evolutn of the radioactive cloud-(31 andCs-137) with the evolution
predicted by mathematical models for atmospheric dispersion, using as input only the
estimated source teraf the Chernobyl accident

The ATMES suffered, however, from a numbemnaaknesses regarding lack of monitoring
data andargeuncertainties regarding the source term. Therefore, it was deoidedry out a
tracer experiment in Europ&he sponsoring organisations wére European Commission
(EC), the World Meteorologicd@rganization (WMO) and the International Atomic Energy
Agency (IAEA),andlater joined by th&JS Department of Energy (USDQE)

The experiment was named ETEX, European Tracer Exper{i@estiani, Klug and Nodop,

1998; ETEX weksite, 2019. It wasdesigned to test the readiness of interested services to
respond in the case of an emergency, to organise the tracer release and compile a data set of
measured air concentrations and to investigate the performance -ohtaygatmospheric

transport and dperson models using that data set. In tothirty-six organisations around

the worll were involved in the project.

Sampling network

The sampling network consisted of 168 grodenEl sampling stations in western and eastern
Europe. National meteorological services hosted the samplers at a number of WMO synoptic
stations over their territory. Thus, ETEX could take advantage of thisngxisetwork, which

is homogeneously distributed throughout Europe and linked to the WMO.

A final number of 168 sampling stations were selected, almost all located at existing WMO
stations. Three samplers were located in the North Sea: one on a Dyieltf@im, the other
two on gas platforms. The average spacing between two sampling stations in the resulting
configuration was about 80 km.

Each station was labelled with one or two letters identifying the Country where it was located,
and numbered sequily.

It was planned to start the sampling operations at each station about 6 hours before the
expected time of tracer arrival édtaincontemporaneous measurensaftthe tracer
background levels and to enstinatthe plumearrival was not missed. El station was
designed to sample over a period of 72 consecutive hours (2httuesamples), with
sampling starting time progressively delayed from West to East. The stations closest to the
source started sampling 3 hours before the release starip#ialistant stations ended
sampling 90 hours after the release stire sampling network is depictedkigurel.
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Figure 1 ETEX Sampling network (ETEX wesite, 2019).

Weather predictions suggested the following conditions on Sunday 23 Qdt8bér
1 the presence of a rather strong West to Saugsterly flow, advecting the tracer
during the experiment over several tracer stations
1 no centre of highor low-pressure, and no extending ridges or troughs, would have
passed close to the release site
1 no frortal systems would have passed the release site shortly before, during or after
the release
Therefore, on Friday 21 Octohdr994 thealert procedure wastarted.

A deep low, 975 hRdo the East of Scotland was slowly moving north, maintaining a strong
southwesterly flow over the releasste (Rennes). The advected air was unstable, with
showers, some accompaniggithunder and squalines. Similar observations could be made
from satellite pictures. The 1@0 UTC radio sounding of Brest showed a temperature profile
which was unstable with respect to moist air, allowing the development of shower clouds up
to about 28000 ft. Also the radio sounding of Paris showed an unstable atradsyihsith

lower water vapour content. At both locatigtise upper winds were Southwest and rather
strong. The release started atQBUTC.



24 October, 1994

Figure 2 24 October1994, 00 UTC (ETEX welsite, 2019).

There was still an unstable flow over the release site and the advection area. However,
because of the northerly movement of the controlling low over the North Sea, the wind in the
advection area decreased. The expectdd front was to be seaouthof Ireland.

25 October, 1994
P R

w2e P70

“

hart 00 UTC

Figure 3 25 October, 1994, 00 UTC (ETEX wsslte, 2019).

The further deepening of the mentioned cold front had not developed. The system was to be
seen as ainor secondary low, at 52°N, 5°E. The cold front over The Netherlands, an
instability front with showers, had the pressure pattern of a trough. The wind was backing
more to the south with the approach of the front during the day, and after the paskege of
front the wind was veering to the Southwest.
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26 October, 1994

Figure 4 26 October, 1994, 00 UTC (ETEX weslte, 2019).

There was still a complex loywressure system over the North Sea and Scotland. Shower
weather with avind tending to veer a bit over \&tern Europe towards wesbutiwest. The
high-pressure cell over the Black Sea indicated that southerly winds could block any further
movements of the tracer cloud towards the East.

Tracer release

Atmospheric traceraere released in the form of a homogeneous air stream containing a few
percent operfluoromethylcyclohexane (PMQHracer. The gas stream passed through a
small chimney where the gassreleased at the top.

The release started at:06 UTC on October 23,994, and lasted 11 hours andrabutes.
340kg of thenondepositingnertgasPMCH (perfluorometylcyclohexane) were released
fromrMont er f 310 0N4 8 A®) & &ndadethge flow rate of 8ls.

Harmonie EnsemblePrediction System runs

The two ensemble experiments were run using a special version of HarmonEPS, the
HARMONIE ensemble prediction system developed by the HIRLAM consortium (Frogner
etal., 2019). In order to afford running ensemble experiments on thestatively large
domains, a hydrostatic configuration, using ALARO physics (Termetragd,2018), was
chosen. ALARO was developed by the ALADIN consortium to handle resolutions in the
Agr ey z on e 0-schledndvoprerectigmeengtiog and has beean operationally by
a number of ALADIN members.

For the SLIM experiments, we chose an ensemble size of 21 members (1 control +

20 perturbed members). With this ensemble size, we can afford a horizontal resolution of
5km x 5 km and 65 vertical levels up 10hPa. The model is run onLambert conformal

conic projectiorgrid, all members run surface data assimilation, and for the control member it
is blended with upper air data from the ERAS reanalysis (Herstiaadh2020). The initial
condition perturbations are based on random field perturbations (Schubert and Suarez, 1989;
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Magnussoret al.,2009), i.e. they are created by scaling the difference between two ERA5
model states that are picked from two random datesg si@ane of the year and same time of

the day) and interpolated to thé® Lambert grid. The perturbations are then added to or
subtracted from the blended analysis of the control member. The scaling factor is determined
so that the total energy of the pebation (Kelleret al.,2008) is similar to that used for
operational forecasts at DMI. A similar approach is used to perturb the lateral boundary
conditions where we use model states of the short ERAS forecasts. ERA5 ensemble forecasts
are also availabkl but the ensemble size is only 10, so instead we use random field
perturbations that can easily be generated in a much higher number than we need here. The
forecast length of the ensemble members ik,X8d new ensemble forecasts are run every

12 h, fdlowing the ERAS forecasts, i.aith initial times at 06 and 18TC. The domains for

the ETEX1 and Rul06 experiments are shownHkigure5. Output paameters from the
HARMONIE-ALARO ensemble include temperature, wind, specific humidity, cloud water

and cloud ice on all 65 modaels as well as a number of 2atiables, including surface
pressure, total cloud cover, mixing layer depth and total ptatgn.

/ 3
N 3
t} %2 g (
Sy S 3 )
i o "

Figure 5 HARMONIE-ALARO domains for the ETEX (blue) and Rtl06 (red) experiments.

Harmonie Ensemble Prediction System runs for ETEXL

For the ETEX1 experiment, the HARMONHALARO ensemble forecasts cover theriod
22i 28 October 1994 following a spup period from 1622 October. The figures in the
following illustrate the spread in the ensemibligure6 andFigure7 show mean sea level
pressure and 1@ wind for 9h forecasts of the contralin and the @ perturbed members
valid on 15UTC 23 Ocbber1994, i.e. one hour before ttracer gaselease in Rennes. The
variation of the perturbed members indicate the ensemble spread.
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MSLP 1994102306+09h
Valid on Sunday 23 Oct 15:00 UTC
s

~ ¥
PR

Figure 6 Mean sedevel pressure spaghetti plot valid one hour prior to the release in Rennes. Unperturbed
control run is coloured, the 20 perturbed members are grey.

10m wind 1994102306+09h
Valid on Sunday 23 Oct 15:00 UTC

o
10

Figure 7 As Figure6, but for 10m wind vectors. The magnitude of arhds vector is shown in the legend.

Figure8 shows 3hourly precipitation around the release time for all members in the
ensemble. We note that all members have showers downstream déése rbut the exact
location and intensity vary.
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1994102306+ 12h, precip [mm/3h]
Valid on Sunday 23 Oct 18:00 UTC

mbro16 mbro17 mbro18 by mbro20

Figure8 Pr eci pi tati on  po sit&@U€ 230tteberp94 for thé dordrol fum (nion00Q) 5
and the 20 perturbed members.
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Deterministic results of DERMA

For each othe ETEX1 filter stationmeasurementsorresponding to nemero threehour
average tracer concentrations (in t&a9 data)i.e. omitting any measurement data below
thresholdthe DERMA model has been run in inverse mode backwards in tiimg ais
negative time stefSarensen, 2@). Thereby the whereaboutstbe released substance,
PMCH,i s esti mated before arriving at the ylter

Figure9 for a few examples. The observed tiagerage concentration values are used by the

dispersion model by tracil/MCHb a c k i n t i metatibns ai meaduteraenty | t er
heights with start concentration values within the averaging time pegioeis bythe
measured averageluas. We assume that the deted®dCH originates from the same
gegr aphi cal | yevefrelemsk location allowihg ftie releaséo have taken place

during a ynite

Model <cal cul at ed icamdentration; ae showmatrzabhoeerground. e . g .
Obviously, the

time period.

i npuenc evertical, butconceotraton \alxes alait d

are not shown herds depictedn Figure9, individual measurements do not fgnint the
location of the potential release point giving rise to extemgegraphical sectors only.
However, by identifying thentersection, ooverlap of theinverse plumes, one obtains a

better localizationThe slight inconsistencies between some of the inverse plumes may well

be accounted for by the inherent meteorological uncertainties.

_Station BOSmeasno.10

StationCRO3 measno. 14 _StationDO5, measno. 15

100 1000 10000 100000 1050000 10090000 01 3 10 1w 1000 00000 1000000 _ 10030000

StationDK02, measno.17 | StationDK05, measno. 16

1000 10000 10000 1000000 10900500

_StationNLOL, meas. no12

Figure 9 Time-integrated 2m concentration imrbitraryunits of invers®MCH plumes valid at 19940-22,

06UTC. The ylter

st at i ons Feragven fitedstatoahe eneasubegnentnlinaber k

(meas. ng.indicates the data point used in 8@&membettime series of threbour average concentratioalues

measured
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In the following, both the temporal and the spatial behaviour of the inverse plumes are
studied, i.e. the concentrations are correlated lootime and space. We are attempting to

identify the geographic and temporal intersection of the plumes, since a release from the
interse¢ i on wi | | i n jwith emeasueementalles above théeteatisnimits.

This methodology resembles the iaéional approaclapplied to the adjoint of an Eulerian

model presented by Robertson and Langner (1998) and Robertson (2004). The origin of this
approach is a single iteration in the variational approach where the gradient of the model error
is determinedy the observations. Seibert (2000, 20P002) used a Lagrangian model run in
backward mode to determine the source, e.g. in the conttheé Giomprehensive Nuclear
TestBan Treaty CTBT).

Considering the ensemble of individual inverse plumes, one may epgdynble statistical
methodgo the results oforwarddispersion calculations for a numerical weather prediction
ensemble combined withsmurcetermensemble describing the inhereméorological and
sourcetermuncertainties, cf. Sgrensenal.(2019) One may e.g. calculate tkasemble
average otach time step involved thetime series oinverseinstantaneous caentrations,

cf. Figure10. The ensemble average is not ideal for localizing the release point. However, it
useful for illustratinghe mechanismf the inverse mettanlogy.

19941023, 00UTC | 19941023,12UTC____ | 199410-24, 00UTC
L TS L

_ 19941025 00UTC

19941027, OOUTC

~ |38 |

les o000l oeol _ oal o1 \ 10 100 1000
[ ———— e — ]

Figure 10 Time series of the set ehsemblea v er age i nverse concentration valu
station measurements.

The release is assumed to have taken place from a glexgidocation which can be found
in the overlap of the instantaneous inverse concentration plumes. With accurate measurements

16



representing the plume well both geographically and temporally, thikapvean be described
in terms of the ensemble percentiles. It should, however, be noted that in the earlyf pimase
accidental releasghere only few measurements are available, the problem is likely te be ill
conditioned.

For operational use, the bg&rcentage@alue to baused for the quantile calculation is not

known a prori. Thisvalue depends on how walbnditioned the problem is, i.e. how well the
observations match the plume geographically and temporally, as well as on the distribution of
themeasured average concentration data. Thus, the recommendation is to calculate a range of
percentileswhich is feasible from a computational point of view. By employing the

percentile method, outl i er sof-agreement govacteiggar ded,
applied.

Low concentration values close to the detect
background pose a di culty due to thts | arge

likely that suchmeasurements do not represent the actual releaserbstt e ad puct uatii
the background. On the other hand, there might be valuable information in such low or zero
value measurements. Imposing a threshold concentration value for the calculations aiming at
localizing the point source, and thereby disregpaythformation requires knowledgef éhe

detection limits for the stations involved. For the current scenario involving PMCH, the

natural background value is expected to be close tg aedoin the calculations presented

here, all norzero measuremenath are included

In Figure11, the time series of the P@ercentile of the set of inverse concentration vaisies
showncorresponding to thglter station measurements.

199410-23, B UTC ~199410-23,12UTC ~199410-23,18UTC
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Figure 11 Time series of the(" percentile of the setafnver se concentration values ¢

station measurements.

According to thecalculated percentile magbe release point should be found in weest
France in regions Brittany, Normandy or Pays de la Loire, or in the Celti¢-Gelaer the
model calculations show thatelease from the actual ETEX release sitBrittany near

Renneshould have taken platetweeraround 18JTC on 230ctober and® UTC on

17



24 October.The actual release started at 16 UTC o©O28ber, and lasted untildTC on
24 October.

i)

Figure 12 Estimates of the potential location of tiedease siteTheleth and ygure consi sts of
time series of threkourly 60" percentile inverse concentration mathe righthand figure 70 percentile maps.

The maps rangigom 199410-23, 00UTC, t0199410-24, 15UTC. With a black diamond, the ETEXlease

point isindicated

The time series of the$®™ percentile maps has been combined in one plot ifefhpanel

of Figure12, which thereby depicts thestmate of the potential location of the release of

PMCH. In the rightpanelt he cor r es p o n d 70fipercentjeunapss showni ng t he
The larger the percéage used for the percentile, the larger the disagreement between the
individual inverse concentration calculations corresponding to measured values is accepted.

From a computational point of view, the meth
on a highperformance coputing (HPC) facility. This is due to the independency between

the backward calculations corresponding to each of the measurement dettaipvpties that

the scalability, i.e. the level of parallelization, is at optimum. The parallelization can either be
integrated in the dispersion model employed, or be obtained by running the model natively in
parallel for each measurement. The formdich is employed by DERMAis preferable due

to the reduction of the amount of input data (the Hutieeensional numerical weather

prediction model data), which for the latter will have to be repeated for each measurement.
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Ensemblestatistical results of DERMA

For each of the ensembl e predi Edmooien model

EnsemblePrediction Systemruos, t he DERMA at mospheric di
been set up to run in inverse madeng thesame observational data set as described in the
previous sectionThis amounts to 939 nexeroobservational data which multiplied by 21
ensemble members equaksarly twenty thousantiine series of inverseoncentrabn fields,
which constitutes thanput to the localization procedures.

Overlap method
Theoverlapmethod (Sgrensen, 2018)agplied to the combined set of 19, #irfie series of
inverse ingantaneous concentration fields, and percentiles are calculated.
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Figure 13 Estimates of the potential location of the releaseusiteg the NWP model ensembiehe lefthand
ygure consists of t he -houwheodIpacermile invgrsetconceatratorenapsetise o f
right-hand figure 70 percentile maps. Th@aps range from 19940-23, 00UTC, to 199410-24, 15UTC. With

a black diamond, the ETEX release point is indicated.

In the lefthand side oFigure13 are shown the time series of the"g@rcentile maps
combined in one plot, which thereby depicts the estimate of the potential location of the

me

spel

t hr e

release of PMCH. In the rightand sideisshownh e correspondiig ygure

percentile maps.

The geographic zones depictedrigure13 agree well with the corresponding zones
estimated by the deterministic calculatiéigurel12.

As for the deterministic results of DERMAG@rding to the calculated percentile maps, the

release point should be found in western France in regions Brittany, Normandy or Pays de la

Loire, or in the Celtic Sea. Further, the model calculations show that a release from the actual

ETEX release site in Brittany near Rennes should have taken placebetwend 1RTC
on 230ctober and ®TC on 240ctober. The actual release started at/T& on 230ctober,
and lasted until & TC on 240ctober.

In Figure14 are shown similar results, for each of the individual meteorological ensemble

members. From this mulfilot, the effects of the inherent meteorological uncertainties on the

localization of thesource can be readily seen.
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Figure 14 Estimates of the potential location of the releasefaiteach of the NWP model ensemble members.
For details, cfFigurel3.
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Bayesan inversion combined with an adjoint dispersionrepresentation

To further restrict the location of the source, Bayesian inference is used to quantify the
probability of different source locations. Examples of usage of Bayesian inference for source
localization includéKeatset al. (2006; 2008)

First,a source term model is defined as a vector containing all relevant source term

parameters;] eha , wheree is the coordinates of the source location, aisla vector

describing the temporal evolution of the release. Here, we have chosen a quéessumnpe

description, where the release rate is assumed constant, suah thatiyof | i.e. start

time, duration and release rafée probability distributionfor i s o bt ai ned by Ba\
theorem

. 0 0sod RO,

whereMis a vector containing all the observations, slany available background
information about the source.] MAOis theposteriorprobability distribution for the source
term parameters) O SOis theprior probability distribution for the source term parameters,
and0 M7 FOis thelikelihood (the probability of observir® given a proposed source term
modelD ), and0 ®S0is a normalization constant called the evidence. The posterior
probability distribution can be sampled using Markov Chain Monte Carlo (MCMC) methods,
such as Metropolisiasting or GibbgHastings, 1970Casella and George, 199Zhe basic

idea behind thesmethods is to iteratively propose source term modelacreptthem with

a probability proportional t6 0 HO. When a sufficient number of models are accepted, the
posterior statistics can be extracted from the selection of accepted nioddltorally, this
requires a forward model, which relates the source term mbdela set of expected/

modelled detections| . This means that each MCMC iteration requires a run with the
dispersion model using the proposed source term. However, it is possible to insteaa|d relate
to a set of adjoint concentration field$

y
Y O 0 o° efd doh

where we have used the definitian 0 Y& ande the proposed source locatidi. is

the adjoint concentration field, obtained by running the adjoint dispersion model from the
location and time of th&th measurement. The source strength should be equal to the inverse
of the measurement duration, M , such that the integrated release is 1. For details on this
method, see Keatt al.(2006). The advantage of this approach is that the dispersidal mo

only needs to be run once per observation instead of for every proposed source term model.
Now, the likelihood can be quantified

o B fio L
I/IC“ ”
where all errors are assumed Gaussian and mutually indeperolémiing Keatset al.
(2006), it is further assumed that can expressed as the sum of the individual contributions
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where, is related to measurement uncertainteesl,,  is related to the dispersion model
uncertaintiesin the following, we assume that the measurement uncertainties are 5% of the
observed value but larger than or equal to the detection limit; for EIT6 means that

” | A @8t prgt @ .

Quantifying model uncertainties

There are two main contributions to the dispersion model uncertainties: errors due to
inaccurate physics parameterizations, and errors in the input meteorological fields. Assuming

that the meteorological errors are dominant, it shbelgossible to quantify the model
uncertainty using a meteorological ensemble. A first natural guess of an adequate

probabilistic model description is simply using the ensemble members to compute a mean and

standard deviation of the adjoint concentratjores6” and,, -8By using standard rules of

error propagation, we can then obtain a probabilistic forward model with mean and standard
deviationsY O and, 0O , respectively. However, following this approach, we
encountered two problems, which distorted the resufiogierior probability distribution.

The first issue is that when solving the forward problem for the true sourcetermthere

are several cases, whére , O M, while’Q 1T Hence, these are cases,
where the dispersion model fatio predict useful values; however, since the uncertainty is
estimated to be zero, their contribution to the likelihood is much larger than the contribution
of the predictions that contain useful information. This indicates that the predictions are
subje¢ to other significant sources of uncertainty, which are not explained by the
meteorological ensemble: either errors in the turbulence parameterization or meteorological
errors, which are not captured by the ensemble prediction. As an attempt to solve this
problem,a minimum value for, - is introduced, such that the uncertainty is never zero, even

when the predicteddjointconcentration is. Thushe standard deviation 6f is redefinechs

.+ 1T Ag@ h -.

The second issue is that the maximum likelihood values differ enormously in magnitude even
between neighbouring locations. This seems to be mainly due to the fact that the

normalization constant of the likelihood, W¢*, , IS very sensitive to changes in the
uncertainty estimates. It is obviously not appropriate that the most likely location is

determined mainly by the normalization consfane. the most likely location will be where
the predictions have the smallestartainties. To try to compensate for thige standard

deviation of Y is redefined;, 0O I'w O ,wheret he proporti omsal ity
function of, making sure thahe quantityb ,, remains constant. To obtain tHisjs
defined as

1if¢ | daig o G xEAQAG T C @

Here,0@tlenotes the average, and is the true (but unknown) standard deviatibhus, we

have introduced the two hyperparamters and| , and one needs to specify both in order to
evaluate the likelihood. s related to some unknown contribution of uncertainties,
whereas i s related to the fiexpected posterior
interpretation of these parameteyperhaps more complex, and we therefore need to examine
how these affect the posterior distribution. This discussion is continued in the result section.
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Proposed method for direct marginal posterior estimation

As described previously, the posterior probability distributiorifotan be sampled using an

MCMC method. However, we propose a different approach, which is loosely inspired by the

Gibbs sampling methodCasella and George, 1992n the Gibbs algorithnthe posterior
distribution is sampled by f@Afixiehagdd a random
generating a number of samples fromdbaditional posterior distribution) aseMR0. The

best of the generated samples is then accepted yithbability proportional to its posterior

probability.

In the present application, there areew advantagesf fixing the locatione and then

sampling the conditional distribution fa This is mainly because the forward model that
relates to=| depends om. However, when fixing, the forward model becomes linear
(with matrix elements independent &), which ensures efficient evaluation of the likelihood.
The idea is to iteratever selected locations, and for each location sample the conditional
distribution for A which can then be related to the marginal distributiorfthe quantity of
interest). In practice, we first select all grid points from a coarse grid i thed dOé ¢
domain. After the likelihood values for this initial grid are sampled, a finer grid search is
conducted only near the grid points with high likelihood. This process is continued iteratively
for finer grids until an area of the finest gattucture (the domain grid) is sampled. If the
posterior distribution has reasonably well defined maxima, this method is very robust and
does not require many iterations. For each proposed location, the conditional distribution
0 ase/MfOis sampled usipthe extended Metropolis algorithm¢segaardind Tarantola,
1995. The marginal posterior probability feris then assumed to be proportional to the
maximum conditional likelihood

0 o006 | A @ BsehaliO 8

This simplified assumption means that tlwoations with the same maximum likelihood are
interpreted as equally likely, although they may have different likelihood distribution widths.
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Results for ETEX1

The described methodology has been applied to the E&#ata set. Ifrigurel5, the results
are shown for a selection of values,of and .

Posterior probability distribution, for @ = -0.28 and oy, = 0.0 1.05 Posterior probability distribution, for a = 0.81 and g, = 0.0 1.05 Posterior probability distribution, for @ = 1.33 and gy, = 0.0 1.05
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Figure 15 Posterior probability distributions for ETEX caseThe red diamond showike true source location.
The figures differ only by the values @f,; and» (shown in the figure titles).

We see that the quantify is particularly important in order to correctly locate the source,

whereas mainly seems to determine the width of the posterior distribution, which is what

we would expect. For, athidiappgrogdh quéenaocuratdly@redics| ue o
thetrue source location in the ETEXcase. However, if the  value is too low, the model
uncertainty is underestimated enough to significantly change the most likely source location.

In particular, setting Tt gives an extremely narrow distributionthe Atlantic Ocean

west of Ireland (the upper row kigure15), and in this case, changingdoes not have a

significant impact.

Next, we should ask the question: Does the meteorological ensemble in fact contribute with
useful information? For comparison, therefore, we have conducted a similar experiment, but
where the standard deviatign- is set to, - = 0.56°8Hence, the uncertainty is simply

assumed to scale with the adjoint concentration values. The result is shegurail6

(right) and compared to the ensemblesed approach igurel6 (left). We see that the

posterior distribution using the ensembkesed approach dossem to have its peak slightly
closer to the correct release location. That said, the two approaches give quite similar results,
which indicates that there is no significant benefit from using a meteorological ensemble to
qguantify the model uncertainty, la@ast not in the ETEX case.
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Posterior probability distribution, for a =1.33 and g, = 5e-15 0.0175 Posterior probability distribution, for a = 1.33 and gpin = 5e-15 0.056
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Figure 16 The left figure shows the result using the standard deviation of the ensemble members to estimate the
model uncertainty, whereas the right figure shows the result assyming T 6°.

One clear downside of this approach is that neither of the congtantand| are based on
theoretical considerations but rather tuned by hand, in order to make the error distribution
behave according to the expected Gaussian distribution. This is only possible because we
know the true source location, and the method may thereéodéficult to apply to other

cases. Thus, we can conclude that the meteorological ensemble did not directly provide the
adequate estimate of the adjoint dispersion model uncertainty, we had hoped for. It seems that
several additional assumptions are regktb get useful results, and we have even shown that
similar results can be obtained without a meteorological ensemble. However, based on the
ETEX-1 case, it is difficult to conclude whether this result is also true for other

meteorological situations.

Finally, we showed that Bayesian inference can be used to quantify the probability of the
different source locations found using the overagthod. If an adequate uncertainty
guantification method is used, Bayesian inference clearly shows that the ptplshbighest
close to the correct source location and then decreases furtheistteam.
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Deterministic results of MATCH
The MATCH model havéeen run for two setups: Markov Chain Monte Carlo (MCMC) and
the approach adopted for the DERMA model described above. The MCMC approach belongs
to the family of Bayesian inference methods (Smith and Gelfand, 1992), where the
probabilities of source lodans are evaluated stepwise in order to find the most likely
location (Keatst al.,2006;Keatset al.2008; Yee, 2008yee 2012).
The main differences between the two approaches are:

1 MCMC is searching through the probability landscape for the hkedy source

location in time and space.

1 The DERMA approach leads to likely source location areas at different times from the
ranked overlap of individual observation contributions.
MCMC may use all available observations.
The DERMA may be applied to adeced set of observations to limit the
computational load.
1 The both approaches could be computational demanding.
1 The MCMC may not always converge to the proper source location.
1 The DERMA approach is rather robust.

T
T

Markov Chain Monte Carlo

The MCMC approacks dependent on forward calculations where neither the location nor the
source term is known beforehand. A way to close this is to use an adjoint simulation fed by
the observed values as an indication of both the temporal and vertical profiles of the
emissions. This simulation is valid over the entire grid so any location could be suggested.
The amplitude of the source is then still missing. This could be retrieved by performing a test
forward run followed by a bias correction against the observations withthen scale up or

down the source term used. In the ghe square difference between the model and the
observations (cost function) is derived. Assuming Gaussian probabilitieis also the

negative exponent of a Gaussian posterior probaldity p0 ) for this location.

The process is to first select a start position for the very first source to evaluate. Here some
expert judgement is needed. Having evaluated the probdbilitiis location a random step

is taken into the neighbourhoaghd the process is repeated. If the new probability increases
the next step is taken from the new location. If the probability decrearses location is

kept or discarded by the probabjlgiven by the ratio of the two probabilgsi€Metropolis
Hastings approactHastings, 1970) A random number {@) will then be evaluated against

the ratio probability. If the random number is less than the ratio probathktyev location

is acceptd for taking anew step, otherwise discardeohd a new try is made from the

previous step. This will make up a trace where the underlying probability landscape is step by
step revealed. If converginthe algorithm will give a trail that in the end isatitating around

the location of most likely location.

Figurel7 shows a (successful) example of the MCMC search pattern. The paneletib the

shows the posterior probabilities for visited locations, and to the right the mean search path of
possible sourckcations (weighted mean by means of the probability of each location).
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Figure 17 Successful lodssation of theETEX-1 source. The posterior probabilities for visited locations are
shown to the left and the mean path to the right (start at the blue star and end green circle). The true release
location is marked with a blue bullet.

Figurel8illustrates when the localisation is not fully successful, and fails in one of the
showed cases.

ETEX-| case posterior probabilities Trace of posterior mean position ETEX-| case posterior probabilities Trace of posterior mean position
%é—j) :
o]
oé’go o
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0.1 . . 4 .5 .6 0.1 . . 4 .5 .6
Posterior probability Posterior probability
ETEX-| case posterior probabilities Trace of posterior mean position
r

yé

0.1 . . 4 .5
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Figure 18 Example of somewhat less successful localisatidtise ETEX-1 release $&. Posterior probabilities
are shown to the left and the mean search path to the right. Start point is denoted by a blue star and the true
location by a blue bullet. The upperhigllustrates when the algorithm end up confused.

In conclusion the MCMC has some potential but need expert judgement in order to select the
initial location for the procedure
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Percentiles of individual adjoint plumes

The DERMA percentile approach described above was also evaluated using the MATCH
model. In this case a subset of 50 filter measurements were selected (in the presentation above
with DERMA all measurements were used). The 10 measurements with the highest va

were first selected, and then additional 40 measurements were randomly selected by weighted
bootstrapping (conditional on measured valuegjure19 shows the selected sites that are

well spread over the area.

ETEX-l ob=ervation sites selacted

% oA g LT
Figure 19 The locations from which 50 measurements wisetected for the percentile approach. Some sites
were represented with more than one filter measurement.

The individual adjoint runs were made for each measurement by assigning a unit response
assumed valid over a depah50 m and distributed over therteinterval for the

measurement (3 hours). Each such backward plume where then scaled by the measured value
in a postprocessing stepzigure20illustrates the difference between a single adjoint

simulation using all ETEXL filter measurements versus superimposing a set of individual
adjoint plumes. As the source may have a vertical extertbieotal column values are used.
The essential feates are present when using a reduced set of measurements for adjoint
calculationsFigure21 shows the 70 percentile of inverse total columns. The percentiles are
normalised to simjfly equal colour legend. The nwjdifference to resultsf the DERMA

model Figurel?) is that the percentiles (and release site potential) become more elongated in
MATCH with longer inverse transport.
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Figure 20 lllustration of the difference between adjoint backward simulationsifigde run using all measure

values are plotted. THETEX-1 release site is marked with a dark bullet. The dates goe2B@ct 18UTC,
1994 (topleft), 24Oct 00UTC (top right), 240ct 06UTC (bottom left) and 2©Oct 12UTC (bottom right).
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Figure 21 Assignments of possible source areas as given by 70th percentile of total column values from
50 individual inverse plumes. The percentiles are normalised to make thshaodhe colour scale.
The plots cover the dates 23 OctUBC to 24 Oct 12 UTC (1994) in steps of 6 hours.
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Ensemblestatistical resultsof MATCH
The MATCH results are fahe ensemble weather data confined to inverse plumes of
individual observationtaken as column integrated inverse plunidse observation set is the
same as above and presenteBigure19. A development step that was made from the first
year of SLIM to enable MATCH handling all observations separately in a single run for each
of the used ensemble weather predictions. The calculations have been racademted
number of weather ensemble members namely members 0, 5, 10, 15 @hd 26lected
ensemble members are a bit arbitrary but assumed to be a representative random selection for
illustrating the ensemble spread.
We will present the following stigtics
1 Sum of plumes, 90 percentiles, level of agreement (voting) for a few ensemble
members
1 Overlay plots including several tinsteps for 90 percentile and voting for a few
ensemble members
1 Overlay plots with mean and median of 90 percentile and voting.

The level of agreement (voting) is made up by counting the number of adjoint plumes that are
above a given threshold, normalised by the number of plumes available. The threshold is
crucial for this measurand for the ETEX case set to10

In Figure22 we illustrate the various outputs with sum of plumes, 90 percentiles and voting
for the members 0, 10 and 15 at 00 UTC 24 October, 1994. The figure illsgtetthe

90 percentile is very much confined while the voting is broader and as expected susrful

is mostly spread. A general impression from this meteorological dataset is that the transport
speed appears to be larger than se¢neMATCH deterministic casabove.
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Total column adjoint plumes: Ensemble member 00

Sum of all adjoint plumes Normalised 90 percentile of adjoint plumas Level of agreement (voting) of adjoint plumes

ShHI MON 24 OCT 1994 00UTC+000 SMHIMON 24 OCT 1994 00UTC+000 SMHIMON 24 OCT 1994 00UTC+000
103 102 101 1 10 102 03 04 05 06 07 08 09 1 03 04 05 06 O0F 08 0% 1
ngim?

Total column adjoint plumes: Ensemble member 10
Sum of all adjoint plumes Normalised 90 percentile of adjoint plumeas Level of agreement (voting) of adjoint plumes

SMHI MON 24 OCT 1984 00UTC+00 SMHIMOM 24 OCT 1984 00UTC+000 SMHIMON 24 OCT 1984 00UTC+000
10-3 102 101 1 10 102 03 04 05 06 07 08 09 1 03 04 05 06 07 08 09 1
ngim2

Total column adjoint plumes: Ensemble member 15
Sum of all adjoint plumes Normalised 90 percentile of adjoint plumas Level of agreement (voting) of adjoint plumes

ShiHI MON 24 OCT 1994 00UTC+000 SMHIMON 24 OCT 1994 00UTC+000 SMHIMON 24 OCT 1994 00UTC+000
103 102 101 1 10 102 03 04 05 06 07 08 09 1 03 04 05 06 07 08 0% 1
ngim?

Figure 22 Example of statistics for 00Z 24 October, 1994, for 3 ensemble members: 0 (top), 10 (middle) and
15 (bottom), where the sum of adjoint plumes are shown together with the 90 percentile and level of agreements
(voting).
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In Figure23 andFigure24 are overlay plots where selected timesteps are plotted together for
the member 0 and 15, and for 90 percentile and level of agreement, respectively. This is
similar to what is shown for DERM#A e.g.Figure13. Here the time difference is 6 hours in
order not to produce too messy image. The colour scheme is alternating in cejsrate

the timesteps somewhat moréhe two alternating colour schemes goes from green to red

and blue to red, respectiveliihe 90 percentiles provide a more restricted adjoint response
while the level of agreement aggregates more of the informatomtfre individual adjoint

plumes. There are differences in the outcome using the ensemble weather predictions but the
main feature remains similar. The setup with consecutive ensemble runs where each member
is disconnected from its predecessor with theesamamber number may contribute to the
similarities.

MNormalised 90 percentile of adjoint plumes for member 00 Normalised 90 percentile of adjoint plumes for member 15

{  06Z24 Sep

| | |
03 04 05 06 07 08 08 1 03 04 05 06 07 08 08 1
Mormalised 90 percentile MNormalised 90 percentile

Figure 23 Overlay figure for selected dates &0 percentilesfor member 0 and 15. Alternating colour schemes
are used to separate the tisteps.
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Figure 24 Overlay figure for selected dates fevel of agreemen{voting) for member 0 and 15. Alternating
colour schemes are used to separate thedteyss.

In Figure25 andFigure26 the ensemble mean and median (of this restricted number of
members) are shown for 90 percentfgg(re25) and level of agreemenfigure26). These
figures may represent the final output comprising the ensemble runs. Apparently the 90
percentile provides a more usétiendly output.

Ensemble mean of normalised 90 percentile Ensemble median of normalised 90 percentile

03 04 05 06 07 08 09 1 03 04 05 06 07 08 09 1
Normalised 90 percentile Normalised 90 percentile

Figure 25 Overlay figure for selected dates fmsemble mearandmedian of 90 percentiles Alternating
colour schemes are used to separate thedteyss.
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Ensemble mean of level of agreement of adjoint plumes

Ensemble median of level of agreement of adjoint plumes

A 4

[ I
03 04 05 06 0.7 08 0.9 1
Level of agreement (voting)

Figure 26 Overlay figure for selected dates fEmsemble mearandmedian of level of agreemen{voting).

| | | |
03 04 05 06 07 08 0.9 1
Level of agreement (voting)

Alternating colour schemes are used to separate thestaps.
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Deterministic results of SNAP

A run of the atmospheric dispersion model results in a field containing the concentrations at a
given point in time. We can label the field abovéhasen threshold as the Field Of Regard
(FOR),using the same terminology Wéotawaet al. (2003). Any point in the FOR, when run

with the adjoint model, will encapsulate the original point in the adjoint FOR. An example of
the FOR for adjoint rusis shown inFigure27.

% 78| eamt _ &Y samt _ gl

Figure 27 FOR from adjoint plumes from two measuremdatsing as sources in the adjoint modkdjt and
middle), and intersection of FOR (right).

A single receptor will through the adjoint FOR give information on a likely area of release.
Masking can be used to combine several FOR from two or more measurements. This
approach is illustrated iRigure27, with two arbitrary adjoint plumes from receptors
combined(adjoint concentration exceeding a threshold/not exceeditgif mask showing
locations that are likely to have contained the sdedhis approach can be further extended

by including measurements below the Limit Of Detection (LOD). The adjoint FOR for such a
measurement does not contain the release location, or is unlikely to be above the threshold.

This gives a straighfiorward method of using all measurements from all stations. Such
inclusion of measurements below LOD are shown on the rigkigure28, which combines
the result ofFigure27 with the adjoint plume on the left #igure28. These stations and
measurements were selected to illustrate this method in the optimal case.

Figure 28 FOR from adjoint plume for a station which had measurement below LOD (left), intersection of
Figure27 and the left figurdright).

This approach ifhowever not scalable with more measurements, as the potential area will be
a decreasing set which might not converge to the true area. This is especially prominent when
errors are present, either due to uncertainties in atmosgoaditions, detection limits, or
inaccuracies in the models, including incompleteness of the FOR due to numerical limitations
of particles in the Lagrangian model. The following contains a simplified Bayesian approach
utili zing a similar methodologygetaining the ease and efficiency of the previous model.

The overlap of adjoint plumes provides information as to where the release would have the
highest likelihood. We view areas with adjoint concentrations above a certain threshold as in
the field-of-regard. A higher overlap of the different FOR results in a higher probability of a
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release from the locations in the overlap, whilst sureat covered by the FOR haadower
probability. From a single measurement and the corresponding FOR, one can assign a
probability that the threshold is exceeded. As a first approximation, we could assign the
probabilities

s hif FOREefmwom

Priy Y r edsr f] it not
for threshold exceedance. Heree | 1 is a singular release scenario @iy over the timed
(corresponding to the sampling timé&y,  “Vis the hypothesis of threshold exceedance
given this release, anfl N p. N should be higher tham as the FOR provides more
evidence but the ratio between these probabilities does not have to beSixttihgn r‘]p
will not contribute any evidence, ang pﬁ‘]p Ttis the intersection from the above

section.

For stations witmeasurements under LOD, an analogous probability can be set by
e i f FORefwom

Pr'y Y r edar A i f not
where the hypothesis is now that the threshold will not be egdegekn such a release. The
probabilitiesr) n p, with f . The optimal probabilities are not known a priori,
but values can be adjusted a posteriori based on heuristics.

To determine how well a release would fit all the measurements (consistency), we start with
the following equation, which yields the consistency requirement of the measurements.

Prmeasurements coaregirstent with rel
00Y “Y'r efdir 00Y “Yr edir

Where"Yis a threshold set by the detection limit of each station. The if@jees over all
measurements above LOD, while fiiadexes across all measurements below LOD. This
formulation also appesiin (Yee, 2017Senocalet al.,2008), but including diffenat

functionals to estimate per station probabilities. Applying Bagds gives the following
relation, relating the release location and duration to the consistency of the measurements:

Prredirrconsi 8Pecrotns isedgm P rr edur

The priorP rr e {xr is set to be uniform, as we have no knowledge regarding location of

the source term before adding the signal from the measurements. Information regarding likely
sources could here be added by stakeholders, to limit thehsgzace to probable release

areas such as radiological facilities.

The probabilities in the hypothesis should be determined by a relation between the adjoint
concentration and source parameters. A full model should take into account LOD and
sampling tims for the stations, dilution volumes, and other expert knowledge, atmospheric
dispersion parametrisation, and atmospheric uncertainty. For performance reasons these
probabiliies have been set to constants. This simplified approach still yields good fesult

the ETEX1 case. The weighting between the two hypotheses could be adjusted based on the
number of samples per group, to take into account sample size bias.
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The implementation takes the following form. An adjoint run with uniform unit release lasting
the length of the measurement (or fmmrasurement) is run as far back in time as deemed
necessary. The resulting fields caniteeated over windows of size 1,&, ¢ hours, adding

the FORs to a merged FOR, to find the dependence on release duration. The probabilities can
so be estimated by collapsing the merged FORs through the probability hypotheses given
above. To find the most likely locations, the fields eamihg the highest performing

members can be presented. An overlapping time series can also be produced for a given
release duration, allowing an estimate of time of release. Estimates for location can also be
found by combining the largest probabilitiegeo a certain period of time.

This method only requires building a listing of adjoint runs for each measurement, with later
adaptations and adjustments of probabilities being able to run quickly on the produced
ensemble of runs. All the steps above capdréormed in parallel on supercomputers,

allowing rapid estimates of likely source locations. Additional measurements arriving from
online radioactivity measurements could be added to the ensembles, allowing renewed
probabilities and adjusted location isate

Applied to the ETEX-1 case

The hypothesis probabilities are sett@® 6@ v for both hypotheses. Applying the method

to theETEX-1 case using all the measurements results in fields for both a variable start time

and a variable duration. Sorting these by highest occurrence of probability gives a way to
determine the locatiors highest probabilityFigure29 shows the areas in which the 9

highest ranked maps are displayed. These show qualitatively the same areas, and estimates the
location somewhat nortbast of the actual releasedtion. The initial start time of the release

is overestimated, and is frormdlhours after the actual start. The duration of the release is

both underand overestimated, but within 6 hours.

1994-10-23T19UTC, 10h 1994-10-23T19UTC, 12h 1994-10-23T18UTC, 18h

glé S Pt
T =k
« o -

; =, By

i g{*"t s

s 4 S 4

1994-10-23T19UTC, 18h 1994-10-23T21UTC, 12h 1994-10-23T20UTC, 12h

-1550 15 -1450

Figure 29 Nine plots showing thhighest probabilities for the ETEX case. Black diamond shows the known
release location, with the colours showing the logarithmic probability density. The times on the top of each
subfigure shows the start time of the estimate, with the duration céldeese given in hours. Compare witle t
actual release at 1994-23,16 UTC and12 hour duration.
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The overlapping time series of probabilitiedigure30 shows how the probability density
changes with time, becoming gradually more dispersed both forwards and backwards in time
from the most likely starting time. The difference in maximum prditaliietween the two
subplotsshows the larger duratiorsamore probable than a shartluration. This is further
supported irFigure31, which shows the probability densitytegratedn time, extracting the
maximumprobability along for each time step.

Figure 30 Time series of probability densities assuming a release lasting an hour (left) and ten hdrs (righ
Each slice is separated in time by two hours.

This method seems to be limited by the sampling duration of the stations (three hours) which
is mirrored in the start time, duration, and most probable location being roughly three hours
from the actual release scenario. The meteorological uncertairgiastaiaken into account,
which could potentially affect the methodrmeteorological conditions less predictable than
ETEX-1.

Figure 31 Maximum probability density for a release duration of one hour (left) and 10 frms.

Ensemblestatistical resultsof SNAP

Each of the model prediction members of the meteorological model described in section
fiHarmonie EnsemblBrediction Systemruos wer e used as input to th
The SNAP dispersion model was then run with the 159 stations as input, resulting in 21

estimates of probability of releaserresponding to each meteorological ensemble member.

These 21 estimates are includedrigure32. Compared té-igure29 several ensemble

members show the assumed release location to be located between western France and as far
upwind of the real location as the Celtic Sea.
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Figure 32 Probabilities of release from the given locations for each of the 21 meteorological ensembles. The
release location of Monterfil is marked with a black diamdralues are log probability (not normalized).
Larger values give a higher probability of aeide at this location
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The mean ensemble probability is computed to reduce the amount of redundant information in
the dispersion results. This is presenteBigure33. The combination of ensembles restricts

the most likely araof release to exclude parts of the Celtic sea,liamts the location of the

most likely source location to an area closer to the actual release location. Examining the
probabilities for a set of starting times in the probability distribution resufgjure 34,

where the slice consistent with the real release start is more likely than release times both
before and after. This also highlights an added benefit to this model approach, parameters can
be aljusted and presented in real time without running the more expensive dispersion model.

23729 -3703 -3678 -3652 -3627 -3602 -3576 -3551 -3525 -3695 -3674 -3652 -3631 -3610 -3589 -3568 -3546 -3525
Figure 33 Probabilities for the mean of all 21 Figure 34 Successive slices show probability
members. SeEigure32 for further details. densities at 10 hours before the real rel¢skee

furthest westat the time of the release, 10 and 20
hours after the release. Seigure32 for further
details.

1122 <1038 -955 £71 -787 704 620 -536 -453 1535 -1439 -1344 -1249 -1153 -1058 963 868 772

Figure 35 Source localisation only utilising detectiof Figure 36 Probability density from only using nen

to source localisation. S&égure32 for further details.| detections for source localisatiddote that higher
values are more likelyseeFigure32 for further

details
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The added benefit of using naletections can be illustrated wiigure35 andFigure36.

The first figure shows the localisation results when only using statitths detection.

Regions affected later in the dispersion runs will be heavily overrepresented as the model fails
to take into account growing dispersion volume compared to more complicated models such
as (Yee, 2017; Senocak al.,2008).Figure36 shows the probabilitgiven by the method

when only using stations which had measurements below their detection limit. The
localization method uses the product of detection anedetection, and the probabilities in
Figure36 will act as a penalty where the values are low. The penalty frordet@ctions is

strong in the Bay of Biscay and southern parts of Frafigare36 shows the penalty given

by stations which had measurements below their detection limit. The penalty is strong in the
Bay of Biscay and southern parts of France. This penalty forces the probabilities for the
combined result ifrigure33 closer to the actual release location.

Results of SILAM

Approaching the ETEX inverse problem with exended 4DVAR data assimilation

The current subsection outlines the ways of usomgparatively classicaldimensional
variational approaches to emergency inverse problems.

The key issue for the 4WAR applications in the inverse problems is that it does not imply
any automatically imposed limitations on the source features: thefoasigations allow for

the nonpoint release, timearying release strength, source changing locations with time, etc.
Some extensions to the classicalF¥BR can be tried but their efficiency can be

guestionable.

Within SLIM, we examined the behavioro t he Aul ti mate i nverse pro
location and temporal profile of the pollution source without apyi@ri constraint.

Theoretical basis of the experiment

In the generic case, the variational method for the inversegmotdn be formutad as
follows: the maximum likehood estimate of the paramet€emission intensity in this case)
is the value minimizing the cost function

300 = Sy HOTR(y - HO+2 (- )T B x- )

HereH is theobservation operat@ndx is themodelpredicted concentratioihe first term
penalizes the deviation from the observatipmghose accuracy is described by the covariance
matrix R. The prior knowledge df is included in the background valu€ (zero would
correspond to a completely unknown source) and the background error covarianc® matrix
The second term therefore penalizes the deviation from thelpridvith the priorK = 0, this
term penalizes the final emission strength,wierks asa regularzer of Tikhonov type
(Tikhonov, 1995; Presst al.,2007)

Another type of regularization used in the below examples is the penalty fauttoe s
geometrical distribution:

0, 8 A& G
h
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wheren > mandi, j, t denote the discrete grid coordinates and time. This additional term
penalizes the number of grid cells with rogro emission. The strength of the regularization
is controlled by its weigh€ whereas its sensitivity to absolute emission and steepness of th
penalty to a newly appearing emission cell is controlled by therrgiio

The forecast model (SILAM in the specific application) is used for computing the observation
vectors for any time. In such case, the gradiemtvaith respect t is presented as

o Ui 0 Hx | KK

whereM” andH" are the tangent linear adjoint model and oletion operators, respectively
(Marchuk, 1995)

The forward dispersion model corresponding to the opekétmd defining the time
evolution of the model state is defined by the scalar transport equation

AL

2R

TS —,H.% 1. eh< [ oh<,

z 4 =z @

whereca is a concentration of theth speciesfn(xt) is the emission density, and the chemical
sources and sinks are includedsift,t) If the reaction term is linear, i.&d®  k c oo,
then the adjoinof the aboveequatiorreads(Marchuk, 1995):

PN | ST 5 o
T < e <>-|F :H‘ k ¢ eh«.

Herec*(x,t) is the firstorder sensitivity of the functionalto a concentration perturbation at
timet. Its solution corresponds M* in the gradient equation

Basic 4DVAR solution

The result of the source inversion with basic¥MBR without any regularization and any a

priori knowledge is shown iRigure37. As expected, each station
which is turned on when the station measuresza®n concentrations and is switched off

when the site records zeroes. The systemfinds the strongest signal at one of the sites and
pushes it up. As seen from thiggure37, this approach stresses a location of one of the

stations pactically taken at random.
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Figure 37 Time-integrated emission retrieved by basic¥BR. Total emission 1065 kg. Meteorology: MEPS
member 0.

(§)]

Tikhonov regularization
The Tikhonov regularization penalizes for the overall strength of the solution: absolute emitted
amount. The resulting solutiqFigure38) is more homogeneous because the individual strong points

are suppressed, thus creating a multitude of emission locations, still attached to the individual stations.
However, this kind of redarization shows also the actual place of emission.
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Figure 38 Time-integrated emission retrieved with regularizedBR with Tikhonowtype regularization.
Total emission 475 kg. Meteorology: MEPS ensemble member O
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Combined regularization: strength and size of emission field

The last set of configurations tried within the experiment used both types of regularization:
Tikhonowtype and sizgpenalizing ones. The outcome however is still not quite satisfactory:
theregpn of actwual source location is quite wel
the sites reporting the highest concentrations is still present in the solution. However, their
contribution is further reduced.

Discussion

The behavior of variatiomassimilation reported in the current exercise has been noticed long
ago. In fact, the conclusion on limited applicability of-¥BR to completely unconstrained
inverse problems has been madeSlfiev and Atlaskir{2004) In that study, we have
suggested a yetnother modification of the 4WAR approach, which has led to a better

result, finally allowing the identification of the source locatiig(ire39). However, the
methodology included several poorly justified technical steps-gass filtering, background
elimination, additional term to the madost function), which have thin theoretical ground

and require more rigorous considerations before recommending them to general use.

Emission, iter 15

SN

6N

SW 12% W W 0 3E

Figure 39 Time-integrated emissioretrieved with Tikhonovand sizeregularizingmodifications of the cost
function Total emission is 171 kiyleteorology: MEPS ensemble member 0.
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Mean emission rate, ITER=7 [mg/sec]
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Figure 40 Solution obtained using modifietD-VAR approachModel: SILAM v.3, meteorology: HIRLAM
v.5.

The above examples showed that variational data assimilation as a tool for inverse problems
solution requires additional theoretical considerations before recommending it to a wide usage
in reatlife problems where the actual source location is not known. The method clearly has
strong potential upon a proper combination of regularization anepposgéssing is found and
justified.

Brute-force source inversion of ETEX1 with SILAM

Source inversion witbff-line transport models relies heavily on the meteorological driver.
Inconsistencies between the actual meteorology and the modeled one lead to poor
convergence of inversion. When a souirmeersion method does not lead to unequivocal
results it is oftedifficult to tell between the poor performance due to insufficiently accurate
meteorological information, due to the lack of observations, or due to deficiencies of the
method itself. To address the issue we used a-boute approach to get the best gibse
estimate of the emission source for a given meteorological driver.

Experiment setup

The ETEX1 experiment yielded about 4000 samples, out of which about 2500 were non
detections andbout 250 detectionsith certainconcentrations~or everyobservation and
every ensemble member a foatprcalculation was performed@he footprints were calculated
at 0.1x0.1-degree grid (328258 cells) aligned with the meteorological grid, i.e. at the half
resolution of the original meteorology. Such a setigwad for using wind components at
dispersiorcell interfaces and other quantities at the cell centers without any additional
interpolation. The footprints were calculated starting from the end of the last observations
(199410-27 09Z) for 120 hours baclasds in time.

For the inversion we assumed that the source was located within the lowest model layer (25
from the surface), therefore only the lowkster hourlyaver aged Acatheentr at i
footprints were storedVith such a lookup table we coudaluate the results of a forward
simulation for any spatitemporal distribution of neasurface emission sources without a
need to perform additional model simulations.
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The evaluation of the results was made with the following cost function

v B

whereM andO are modeled and observed concentratipnss a variance of the

observational error, and summation is taken over the whole set of valid observations. The
observational error consists of many components, some of which areapite p

guantifiable. We assumdle error consisting of a sum of a ctam and fractional error. The
constant and a fraction of the observed value were assumed identical among the observations.
The emission source that minimizes the cost function is considered as the most consistent
with the observations. Note that the lacatof the minimum of the cost function does not

depend on the magnitudes of thegers, but only on their ratidviodifying this ratio we

could put more or less emphasis to detections vsdetections.

The ETEX1 dataset does not provide observati@redrs therefore we used three

expressions for the error. All errors were a sum of a constant absolute error g/ (a

discrete of the etex1 v1.1.960505 data files), and a relative error of 30%, 1% and 0.1% of the
observed value. These errors are hereafter referred to as vO, v1, eegpe2tively. To

simplify the comparisons of these cases the costs were norniayizbd cost of zero

emission:

5

To identify the optimal source locations and emitted amount we calculated footprints for each
of 21 ensemble members and a set of source duration8@,B,12,15 €é 36 hour s
time-resolving footpnits for each measurement). Then within each footprint for every point

of the map and every hour thfeemission start the optimal emitted amount was calculated as
the one minimizing the cost function, and the resulting-ties®lving maps of emitted

amountas a function of a poirgource locatiomnd corresponding costs were stored.

Results

The minimum of the cost map over space and time gives the location and time of the tracer
injection most consistent with given meteorology and given relasgion. Corresponding

value form the emitted amount maps gives the emitted amount that best fit the measurements
in terms of a given cost function.

The set of scores v0 with the large relative component in measurement error gave a small
reduction of scres, with quite small optimal emitted amount (Fig41). The reason is that

the large relative error puts a strong emphasis to the observations that reported zeros.
Therefore the minimal cost is achieved for the release that is consistent with some of the non
zero observations, but does not reahstations tat observed zeros.

The spread of the optimal costs among the ensemble members is significant. Mbr015 while
allowing for a decent cost reduction indicates nogarefl release duration withiii 27 hours.
MbrO08 does not allow for more than 5% cestuction, &cept for a very short releada.
average, all members tend to prefer shorter releases, and the strongest cost reduction
correspondto the largest release.
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The mas of costs and emitted amowotresponding to the two leastaes points frm
Figure41are shown in Figre42. In both cases the minimum of the e@siction is quite
shallow (a bit less tma12% of total costemoved), but well localizedEmission map show
somewhat elevated valuasoundthe location of the minimal cost. Very high emission values
are shown in areas that weakly affect a couple of remote stations witermdetections, but
do not affect the rest of the stations. These high values, hgwewerspond to aagligible
redudion of scoresThe locations and timing of the optimal scores substantially differ among
the simulations for the vO cost function.

Figure 41 Optimal emission and minimal costs for 21 ensemble members as functionsedédtse duration
for vO error set. Some spread added along taeisto reduce the overlap of the markers.
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