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English Summary

Atmospheric transport and dispersion models are an important tool for
the verification of the Comprehensive Nuclear-Test-Ban Treaty. This
Treaty bans nuclear explosions worldwide and by everyone. Part of
the verification regime of the Comprehensive Nuclear-Test-Ban Treaty
consists of a global network of ground stations that monitor airborne
radioactive particles which can be the signature of a nuclear explosion.
If such radioactive particles are detected, atmospheric transport and
dispersion models can be used to help locate the origin of the radioactive
particles by calculating trajectories backward in time.

Atmospheric transport and dispersion models are furthermore used to
help assess the impact of routine and accidental releases of radioactive
particles into the atmosphere by civilian nuclear facilities. For routine
releases, atmospheric transport models allow to estimate their impact
on monitoring stations of the radionuclide verification system. For ac-
cidental releases, atmospheric transport models can estimate the source
parameters (such as the release location and the release profile) using a
set of measured radionuclide concentrations in the air.

This dissertation deals with long-range atmospheric transport and dis-
persion modelling, which covers spatial scales of a few hundred kilo-
metres up to the planetary scale, and how it can contribute to the radio-
nuclide verification part of the Comprehensive Nuclear-Test-Ban Treaty.
The findings presented here are also relevant for nuclear emergency man-
agement, and could be applied to other fields of research where use is
made of atmospheric transport and dispersion models.

The first part of this dissertation deals with direct atmospheric transport
modelling, where the sources are known. The Comprehensive Nuclear-
Test-Ban Treaty verification regime is complicated by civilian nuclear
facilities that emit radioactive isotopes of xenon (hereafter called radi-
oxenon). These radioxenon releases are not harmful for the environment,

xiii
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but they can interfere with the very sensitive noble gas detection net-
work of the Comprehensive Nuclear-Test-Ban Treaty, which monitors
such radioxenon as it can be the signature of a nuclear explosion. In
this dissertation, we have used civilian radioxenon emission data (both
stack monitoring data and emission data described in the literature)
to test the capability of atmospheric transport models to simulate the
long-range transport of radioxenon. If we can accurately simulate the
contribution from civilian sources to the noble gas measurements, we
can at least partly overcome their detrimental effect on the Treaty veri-
fication capability: indeed, if a man-made explosion is detected and if
much more radioxenon is observed than the expected contribution from
civilian sources, this may hint that the signature of a nuclear explosion
is also present in that air sample. Although a nuclear power plant gener-
ally emit far less radioxenon than a medical isotope production facility,
it was found that it can have a distinct impact on the measurements
when being close to a noble gas detection station.

In order to accurately model the radioxenon background, stack emis-
sion data are required. Such data are currently available only for a
few civilian sources. It is not known what minimum time resolution
stack emission data should have to model the civilian radioxenon back-
ground. We have studied this by using a method that is independent of
the emission data. We found that this requirement highly depends on
the source-receptor distance: nearby sources should have highly time-
resolved emission data. For remote sources, this is less important due to
atmospheric dispersion processes. For synoptic-scale atmospheric trans-
port and dispersion (which is most relevant for the verification of the
Treaty), it was found that generally daily emission data are sufficient.
Those cases that require better time-resolved emission data can be iden-
tified by the atmospheric transport model.

The output of atmospheric transport and dispersion models contain un-
certainties that are difficult to quantify. Such uncertainty quantifica-
tion can be applied to direct atmospheric transport modelling (where
concentrations are calculated based on known sources) and inverse at-
mospheric transport modelling (where source information is calculated
based on known concentration observations). For the radioxenon back-
ground study, a meteorological ensemble is used to quantify uncertainty.
Such an ensemble consists of multiple scenarios of possible atmospheric
states, of which the spread between these scenarios represents the uncer-
tainty. Assuming that the radioxenon sources are known, the model sim-
ulations can be compared with the observations to validate the model.
Additionally, the deviation between the observed radioxenon concentra-
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tion and the simulated radioxenon concentration can be compared with
the ensemble spread. This allows to validate the uncertainty quanti-
fication. It was found that the ensemble spread was generally smaller
than the simulation error. This hints that other uncertainties, in par-
ticular nuclear power plant emission uncertainty, should be taken into
account.

The second part of the dissertation deals with inverse modelling, where
the source location and the release profile are determined based on a set
of observations. The Democratic Peoples Republic of Korea announced
several times to have conducted a nuclear test. Seismic and infrasound
waves were detected by the verification network of the Comprehens-
ive Nuclear-Test-Ban Treaty and were identified as the signatures of a
man-made explosion. However, in order to discriminate between con-
ventional and nuclear explosions, an associated radionuclide signature
should also be detected. Samples taken in Japan after the third and
fourth announced nuclear test contained radioxenon, but it is a priori
not known whether these were coming from civilian sources or from
a nuclear explosion. We have used these observations in combination
with backward atmospheric transport modelling to determine possible
source regions. For both cases, a delayed release from the Punggye-ri
nuclear test site was found to be consistent with the observations. The
ensemble approach was used to quantify the uncertainty on the possible
source locations and the associated release profiles.

Lastly, the inverse modelling has also been applied to the detections of
radioactive ruthenium throughout the Northern hemisphere in autumn
2017. This case was different from the announced nuclear tests by the
Democratic Peoples Republic of Korea, since ruthenium is normally not
observed – there is no civilian background – and it is affected by de-
position processes, which is not the case for radioxenon. Although no a
priori information was available on the source location (for instance via
seismic wave detections), it was possible to confine the source location to
a distinct region and to determine the associated release profile.





Nederlandstalige
samenvatting (Dutch
Summary)

Atmosferische transport en dispersiemodellen zijn een belangrijk hulp-
middel voor de verificatie van het alomvattend kernstopverdrag. Dat
verdrag verbiedt wereldwijd kernproeven. De naleving van het kern-
stopverdrag wordt onder meer geverifieerd door een wereldwijd netwerk
van grondstations die de aanwezigheid van radioactieve deeltjes in de
lucht monitoren. Deze radioactieve deeltjes kunnen namelijk afkomstig
zijn van een kerntest. Indien zulke radioactieve deeltjes worden gedetec-
teerd, kunnen atmosferische transport en dispersiemodellen helpen om
de bron van deze deeltjes op te sporen. Hiervoor worden de trajecten
van de deeltjes terug in de tijd berekend.

Atmosferische transport en dispersiemodellen zijn bovendien van be-
lang bij het onderzoeken van de impact van de uitstoot van radioactieve
deeltjes van civiele bronnen. Enerzijds gaat het om routine-uitstoot,
wat onder meer van belang is om de impact van civiele bronnen op het
meetnetwerk ter verificatie van het kernstopverdrag te bepalen. Ander-
zijds gaat het om accidentiële uitstoot waarbij de bronlocatie en het
uitstootprofiel bepaald worden via modelberekeningen en de waargeno-
men concentraties van radioactieve deeltjes.

Deze thesis gaat over atmosferische transport en dispersiemodelling op
grote schaal (gaande van een paar honderd kilometer tot de planetaire
schaal) en hoe dat kan bijdragen tot de verificatie van de naleving van
het alomvattend kernstopverdrag. De resultaten die hierin gepresenteerd
worden, zijn ook relevant voor noodplanning in geval van een nucleair
accident, en voor andere onderzoeksdomeinen waarbij gebruik wordt ge-
maakt van atmosferische transport en dispersiemodellen.
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Het eerste deel van deze thesis behandelt het simuleren van transport
en dispersie van radioactief xenon in de atmosfeer waarbij de uitstoot-
bronnen gekend zijn. Dat is belangrijk omdat het verificatiesysteem van
het alomvattend kernstopverdrag verstoord wordt door de aanwezigheid
van radioactief xenon dat uitgestoten wordt door civiele nucleaire in-
stallaties. Deze uitstoot is ongevaarlijk voor de omgeving, maar kan een
impact hebben op de heel gevoelige sensoren van het verificatienetwerk
die de aanwezigheid van radioactieve deeltjes monitort. In deze thesis
werd gebruik gemaakt van uitstootdata van radioactief xenon afkomstig
van civiele bronnen om te testen hoe goed het xenontransport over lange
afstanden in de atmosfeer kan worden gemodelleerd. Indien we nauw-
keurig de xenonbijdrage van civiele bronnen aan de metingen van het
verificatiesysteem kunnen berekenen, kunnen we – minstens gedeeltelijk
– de nadelige effecten hiervan op het verificatienetwerk wegwerken: in-
dien er veel meer radioactief xenon wordt geobserveerd dan de verwachte
concentratie van civiele bronnen, nadat een door de mens veroorzaakte
explosie werd geregistreerd, kan dit in principe wijzen op de aanwezig-
heid van radioactief xenon afkomstig van een kerntest. Hoewel een kern-
centrale doorgaans veel minder radioactief xenon uitstoot dan nucleaire
installaties die medische isotopen aanmaken, bleek uit het onderzoek dat
kerncentrales nabij meetstations een duidelijke impact kunnen hebben
op de metingen van het verificatienetwerk.

Om de concentratie van radioactieve xenon te modelleren afkomstig van
civiele bronnen, zijn emissiedata nodig. Die data zijn tijdsafhankelijk:
op het ene moment wordt er meer radioactief xenon uitgestoten dan op
het andere moment. In principe zal een dataset met een hoge tijdsresolu-
tie betere resultaten geven dan een dataset met een lagere tijdsresolutie.
Het is echter niet geweten welke tijdsresolutie voor zulke emissiedata
voldoende is om goede resultaten te bekomen. Dat werd onderzocht in
deze thesis. De tijdsresolutie van de uitstootdata die nodig is om de
beste resultaten te behalen, hangt af van afstand tussen de bron en het
meetstation: voor een korte afstand is een hoge tijdsresolutie noodza-
kelijk, terwijl dat voor een lange afstand niet noodzakelijk is omwille
van atmosferische dispersieprocessen. Voor transport op de synoptische
schaal (wat het meest relevant is voor de verificatie van de naleving van
het alomvattend kernstopverdrag) bleek dat algemeen genomen dage-
lijkse emissiedata volstaan. De gevallen waarbij een betere tijdsresolutie
vereist zijn, kunnen worden gëıdentificeerd door het atmosferisch trans-
portmodel.

De resultaten van atmosferische transport en dispersiemodellen bevatten
onzekerheden die moeilijk te kwantificeren zijn. Zo’n onzekerheidsbepa-
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ling kan toegepast worden op direct modelleren (waarbij concentraties
in de lucht worden berekend op basis van gekende bronnen) en indi-
rect modelleren (waarbij informatie over de bron wordt berekend op
basis van gemeten concentraties in de lucht). Voor de studie omtrent
de civiele radioactieve xenon werd een meteorologisch ensemble gebruikt
om de onzekerheden te bepalen. Zo’n meteorologisch ensemble bestaat
uit verscheidene realistische scenario’s die de mogelijke toestand van de
atmosfeer weergeven, en waarvan de spreiding tussen de verschillende
scenario’s de onzekerheid weergeeft. Indien er verondersteld wordt dat
de civiele bronnen van radioactief xenon gekend zijn, kunnen de mo-
delberekeningen vergeleken worden met de observaties om het model te
valideren. Bijkomend kan de afwijking tussen de modelberekening en de
meting gebruikt worden om de onzekerheidsbepaling te valideren. Uit
het onderzoek kwam voort dat de spreiding in de scenario’s over het
algemeen kleiner was dan de werkelijke onzekerheid. Dat suggereert dat
andere vormen van onzekerheden in rekening moeten worden gebracht
(zoals onzekerheden in de emissiedata van kerncentrales).

Het tweede deel van de thesis behandelt indirect modelleren, waarbij in-
formatie over de bron wordt berekend op basis van gemeten concentraties
in de lucht. De Democratische Volksrepubliek Korea heeft verscheidene
keren aangekondigd een kernproef te hebben gehouden. Seismische gol-
ven en infrageluid werden gemeten door het verificatienetwerk van het
alomvattend kernstopverdrag en werden gëıdentificeerd als afkomstig van
een explosie. Om conventionele explosies te onderscheiden van kernex-
plosies, moeten er echter ook radioactieve sporendeeltjes van de kerntest
worden gemeten. Onder meer na de derde en vierde Noord-Koreaanse
kerntest werd in Japan radioactief xenon gemeten door het verificatie-
netwerk, maar het is niet zomaar gegarandeerd dat het xenon afkomstig
is van de kerntest: het kan immers ook afkomstig zijn van civiele bron-
nen. We hebben deze metingen gebruikt samen met modelberekeningen
om mogelijke brongebieden te bepalen. Voor beide gevallen werd gevon-
den dat de kerntestsite Punggye-ri in Noord-Korea een mogelijke bron
is voor de gemeten radioactieve xenon. Een ensemble werd gebruikt
om de onzekerheden in de mogelijke brongebieden en de geassocieerde
uitstootprofielen te bepalen.

Ten slotte werd indirect modelleren ook toegepast op de recente metin-
gen van radioactief ruthenium op het noordelijk halfrond in de herfst
van 2017, waarvan de oorsprong tot op het moment van het schrijven
nog niet gekend is. Voor ruthenium moet ook rekening gehouden worden
met depositieprocessen, wat niet van belang is voor xenon. Anderzijds
zijn er geen belangrijke civiele bronnen van ruthenium, wat de analyse
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naar de mogelijke brongebieden dan weer vergemakkelijkt. De resulta-
ten tonen een duidelijk afgelijnd gebied van mogelijke bronnen en wijzen
op een belangrijke uitstoot.
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Chapter 1

Introduction

1.1 Putting an end to nuclear explosions

In 1996, the General Assembly of the United Nations adopted a treaty
called the Comprehensive Nuclear-Test-Ban Treaty. The Treaty bans
any nuclear weapon test explosions, with the aim of making it more
difficult for states to develop nuclear weapons, or to make them more
powerful. Although the Treaty has not yet entered into force, many
scientific, technical and political advances related to the Treaty and its
verification are being made. Arguably the most prominent example is
the establishment of a verification regime that allows to monitor compli-
ance with the Treaty. This verification regime consists of global ground-
station monitoring of airborne radioactive particles produced during a
nuclear explosion, and global monitoring of seismic waves, hydroacous-
tic waves and infrasound waves. This PhD contributes to one of the
verification aspects of the Treaty, namely the radionuclide verification
part.

The radionuclide verification part of the Treaty consists of the monitor-
ing of specific radioactive particles and the interpretation of such meas-
urements. These radioactive particles, called radionuclides, are created
during a nuclear explosion and can be released into the atmosphere. If
so, the radionuclides are transported by the wind and are dispersed in
the atmosphere. A global monitoring network is being established that
is capable of measuring such radionuclides with high precision. Both ra-
dioactive particulates and radioactive noble gases are being monitored.
If radionuclides are detected, one of the questions that arise is from
where they have originated (since they can be the signatures of a nuc-
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lear explosion). To answer that question, an atmospheric transport and
dispersion model can be used.

Atmospheric transport and dispersion models are used to simulate the
concentrations in the air of certain gases or particles if their sources are
known. Somewhat less intuitively, these models can also be used to cal-
culate possible source locations and the corresponding release amounts,
based on a set of measurements of concentrations in the air. The latter
is particularly useful for the verification of the Comprehensive Nuclear-
Test-Ban Treaty: if radionuclides are measured by the global monitoring
system, atmospheric transport and dispersion models can narrow down
possible source regions.

Data from the verification regime of the Comprehensive Nuclear-Test-
Ban Treaty are made available by the International Data Centre to the
National Data Centres of the Member States of the Treaty. The National
Data Centres are then responsible for verifying compliance with the
Treaty. In case a violation of the Treaty is suspected, the Treaty foresees
the option to perform an on-site inspection.

1.2 Responding to nuclear accidents

In case of a nuclear accident, an uncontrolled release of radionuclides
into the atmosphere can take place. Often, the timing and the amount
of the radionuclide release is not known. In order to help assess the
impact of the nuclear accident, a two-step approach is employed us-
ing atmospheric transport and dispersion models. First, the release
profile is reconstructed by using measurements of radioactivity. Such
measurements are made routinely near nuclear facilities and through-
out the Belgium territory and beyond. This step consists of performing
atmospheric transport and dispersion simulations and solving a math-
ematical optimisation problem to find the release profile. Second, when
the release profile is determined, atmospheric transport and dispersion
models are used to simulate the past, current and future position of
the radionuclides. These results help to determine if, which, where and
when countermeasures are necessary (note that countermeasures are not
covered in this dissertation).

In the past, atmospheric transport modelling was used extensively to
study the Fukushima Daiichi nuclear disaster, both to determine the
release profile and to determine the movement of the radionuclides in
the atmosphere. In other cases, it can be that not only the release
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profile is unknown, but also the release location. Examples include the
measurements of low levels of radioactive iodine in Europe, or low levels
of ruthenium measured throughout the northern hemisphere in autumn
2017. For these cases, the release location and the release profile can be
reconstructed by using atmospheric transport modelling and solving an
optimisation problem.

1.3 Quantifying uncertainties

In this dissertation, mathematical models are used to simulate atmo-
spheric transport and dispersion. Such models make use of available
weather data produced by numerical weather prediction models, which
simulate the state of the atmosphere. Uncertainty in the initial con-
ditions and simplifications in the parametrisation of certain physical
processes result in uncertainty in the outcomes of both types of models.
Therefore, atmospheric transport and dispersion being a valuable tool
to help decision makers, an uncertainty quantification is highly desired:
in case of a nuclear emergency, an uncertainty quantification gives a re-
liable upper bound on the simulated peaks of activity concentration or
the dose received by the population from radiation. Likewise, an uncer-
tainty quantification is essential for the source localisation problem as it
helps establishing a robust borderline of the regions where the source of
the detected radionuclides could have been located.

1.4 Objectives

The aim of this dissertation is to quantify uncertainty on the outcomes
of long-range Lagrangian atmospheric transport and dispersion mod-
els, specifically in the context of the Comprehensive Nuclear-Test-Ban
Treaty. “Long-range” atmospheric transport and dispersion models de-
note models that can handle problems with a spatial scale ranging from
roughly 100 km up to planetary scales. “Lagrangian” models track the
position of many individual particles that make up the plume of the
tracer of interest.

The objectives for this dissertation are the following:

1. Assess the capability of atmospheric transport and dispersion mod-
els to simulate long-range atmospheric transport and dispersion,
with a focus on radioactive xenon isotopes (further referred to as
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radioxenon) released into the atmosphere by known civilian emit-
ters.

2. Quantify the uncertainty of long-range atmospheric transport and
dispersion simulations. For that, the ensemble method is used,
which is well established in the field of numerical weather predic-
tion. Similar to a model that needs to be validated with observa-
tions, an uncertainty quantification requires validation by assess-
ing the deviation between model predictions and observations with
respect to the simulated uncertainty.

3. Develop a method to solve the inverse atmospheric transport and
dispersion modelling problem for single sources. This involves find-
ing possible source regions, and the hypothetical release profile as-
sociated to any grid location. The method will first be validated
using fictitious sources and corresponding fictitious observations.
Next, it will be used to assess specific cases of interest (such as the
announced nuclear tests conducted by the Democratic People’s Re-
public of Korea) where radionuclide detections have been made by
the monitoring system for the Comprehensive Nuclear-Test-Ban
Treaty.

4. Quantify the uncertainty on the outcome of the inverse atmo-
spheric transport and dispersion modelling problem. Such uncer-
tainty quantification will be applied to the case studies mentioned
above. This task also involves finding a suitable way to visualise
uncertainty.

Atmospheric transport and dispersion models are used in a wide range
of applications, so that many of the techniques used here can also be
used in other applications (such as volcanic ash modelling or greenhouse
gas flux modelling).

1.5 Outline

Chapter 2 introduces the Comprehensive Nuclear-Test-Ban Treaty and
its verification regime. The Chapter starts with a Section on interna-
tional treaties that ban nuclear explosions. The Comprehensive Nuclear-
Test-Ban Treaty is discussed and why it is different from previous treat-
ies. Next, nuclear explosions are briefly discussed, in particular under-
ground nuclear explosions and the possible radionuclide signature from
it. Furthermore, the Treaty verification regime and issues that com-
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plicate Treaty verification are discussed. Finally, an overview of recent
nuclear tests is given.

Chapter 3 deals with atmospheric transport and dispersion modelling,
which is introduced in the first Section by discussing the advection-
diffusion equation. Next, the Lagrangian particle model Flexpart is
discussed, which was used extensively in this work. Uncertainty in at-
mospheric transport and dispersion models and the ensemble method to
quantify uncertainty are described. The last two Sections of the Chapter
deal with backward atmospheric transport and dispersion modelling and
the source localisation problem.

The following three Chapters report on results obtained using the “direct
modelling” approach, where atmospheric transport and dispersion mod-
elling is used, but no optimisation problem is solved (contrary to the
source localisation problem, which is called “inverse modelling”).

Chapter 4 assesses the capability to model the radioxenon background
in Europe from known civilian sources. The radioxenon activity con-
centration is calculated at two locations where radioxenon is monitored
for the verification of the Comprehensive Nuclear-Test-Ban Treaty. A
meteorology-based 11-member ensemble is used to quantify uncertainty.
Time series for 133Xe and 135Xe activity concentrations are given, and
the model performance and the added value of the ensemble are dis-
cussed.

An international challenge was set up during this PhD which consisted
of the modelling of the long-range transport of 133Xe in the southern
hemisphere released from a nuclear facility in Australia. The findings
from that study are summarised in Chapter 5. Furthermore, additional
experiments were carried out using a 51-member ensemble (only the first
twelve hours are used to represent the analysis uncertainty) and a “Poor
Man’s” ensemble.

In order to accurately model the radioxenon background, the sources of
radioxenon should be known: both the source location and the release
as a function of time. Chapter 6 assesses which temporal resolution such
release data should at least have in order to best model the radioxenon
background. The effect of the source-receptor distance, the sampling
period of the observation and the horizontal resolution of the model are
discussed. The findings are validated using real stack emission data from
a medical isotope production facility.

The next three Chapters make use of “inverse modelling”: instead of cal-
culating activity concentrations from known sources, the source is now to
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be found using observed activity concentrations. It involves atmospheric
transport modelling and solving an optimisation problem.

Chapter 7 deals with the fourth announced nuclear test conducted by the
Democratic People’s Republic of Korea on 6 January 2016. The inverse
modelling technique is described and a validation is made with fictitious
sources. Next, possible source regions are calculated and the uncertainty
is visualised, which was calculated by using the ensemble method. A hy-
pothetical release profile for the Punggye-ri nuclear test site is calculated.
Finally, the absence of 131mXe detections is discussed.

The inverse modelling technique introduced in Chapter 7 is refined and
applied to the third nuclear test conducted by the Democratic People’s
Republic of Korea on 12 February 2013 in Chapter 8. After the third
nuclear test, observations were made containing a particular combina-
tion of 131mXe and 133Xe which are likely coming from the Punggye-ri
nuclear test site. Therefore, this case is interesting to further validate
the inverse modelling and to test the capability to narrow down possible
source regions. Possible source regions for the 131mXe and 133Xe detec-
tions are given, and special attention is given to the possible influence
of the radioxenon background on the source localisation.

Inverse modelling is also used in Chapter 9, where the possible source
locations of recent detections of 106Ru are presented. This case is partic-
ularly interesting from a scientific point of view, since there were detec-
tions at many locations throughout the northern hemisphere, spanning
many orders of magnitude. Furthermore, there is no measurable global
background of 106Ru that could interfere with the signal of interest. At
the end of this Chapter, the results within task B of the 2017 National
Data Centre Preparedness Exercise are shown, on which Belgian and
Dutch experts have jointly worked on.

The dissertation ends with conclusions and suggestions for future re-
search.



Chapter 2

The Comprehensive
Nuclear-Test-Ban Treaty

In this Chapter, the Comprehensive Nuclear Test-Ban-Treaty and its
verification regime are described. First, international treaties that ban
nuclear explosions are discussed, with focus on the Comprehensive Nuclear-
Test-Ban Treaty and why it is different from previous treaties. Next,
nuclear explosions and their radionuclide signature are discussed. The
Comprehensive Nuclear Test-Ban-Treaty verification regime is described,
together with the challenges that civilian nuclear facilities pose to the
Treaty’s verification regime. The Chapter ends with a list of recent
nuclear tests.

2.1 International Treaties that ban nuclear ex-
plosions

Before the first international test ban Treaty was signed, a total of
499 nuclear tests had been conducted by the USA, the Soviet Union,
the United Kingdom and France (Delcoigne, 1973). The resulting nuc-
lear fallout from underwater and atmospheric nuclear tests increasingly
caused public concern, especially after the introduction of the thermo-
nuclear design which generated significantly higher yields than previous
designs. This motivated the first international effort to ban nuclear ex-
plosions.

9
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2.1.1 Brief history of nuclear test ban treaties

Many bilateral and multilateral Treaties exist or have been proposed
to prevent the testing and proliferation of nuclear tests, and to cre-
ate nuclear-weapon-free zones. Below, the most significant multilateral
Treaties that entered into force are listed and are briefly discussed1.

The first Treaty of its kind was the “Partial Nuclear Test Ban
Treaty”, and was signed and entered into force in 1963. It prohibited
all tests of nuclear weapons, except for those conducted underground.
There were multiple reasons for this Treaty to exist, such as (i) slow-
ing down the arms race, (ii) slowing down the proliferation of nuclear
weapons, and (iii) limiting the impact of nuclear fallout after increasing
public concern. However, no ban was put on underground nuclear ex-
plosions due to concern regarding the verification capability in case of
underground nuclear explosions.

The “Outer Space Treaty” or “Treaty on Principles Governing the Activ-
ities of States in the Exploration and Use of Outer Space, Including the
Moon and Other Celestial Bodies” was established in 1967. The Treaty
sets out rules related to the use of Space, and prohibits the stationing
and testing of nuclear weapons in space.

In 1970, the “Treaty on the Non-Proliferation of Nuclear Weapons”
entered into force. The Treaty aims to prevent proliferation of nuclear
weapons, while in return states who possess nuclear weapons should
share the benefits from peaceful nuclear technology and dismantle their
nuclear weapons. To date, 190 States have signed the Treaty, making it
one of the most significant Treaties. However, the Treaty has been criti-
cized, mainly because it is argued that the nuclear weapon disarmament
is going at a too slow pace.

In the sixties, advances in oceanographic technologies raised concern
that nations might use the seabed as a new environment for nuclear
tests. As a results, the “Treaty on the Prohibition of the Emplacement
of Nuclear Weapons and Other Weapons of Mass Destruction on the Sea-
Bed and the Ocean Floor and in the Subsoil thereof”, was established
and entered into force in 1972.

1A full list can be found on www.nti.org/learn/treaties-and-regimes/

treaties/
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2.1.2 The Comprehensive Nuclear Test Ban Treaty

In 1996, a new treaty called the “Comprehensive Nuclear Test Ban
Treaty” or CTBT was opened for signature by the General Assembly
of the United Nations (UNGA, 1996). This Treaty bans atmospheric,
underwater and (contrary to the Partial Nuclear Test Ban Treaty) un-
derground nuclear explosions and is considered a major milestone in
nuclear non-proliferation. However, the Treaty has not yet entered into
force: this will happen when all 44 “Annex 2” states ratify the Treaty.
These “Annex 2” states possessed nuclear power or research reactors
when the Treaty was opened for signature and participated in the nego-
tiations of the Treaty. To date (8 October 2018), 167 States have ratified
the Treaty, of which 36 “Annex 2” states (CTBTO, 2017a).

The Preparatory Commission for the Comprehensive Nuclear-Test-Ban
Treaty Organization summarises the benefits of the CTBT on their web-
site (www.ctbto.org) in the following way:

“It makes it very difficult for countries to develop nuclear
bombs for the first time, or for countries that already have
them, to make more powerful bombs. It also prevents the
huge damage caused by radioactivity from nuclear explosions
to humans, animals and plants.”

While the Treaty awaits its entry-into-force, progress is being made in
scientific, technical and diplomatic aspects of the Treaty. The most
notable realisation to date is arguably the establishment of a verification
system of which 90% has been installed (Section 2.3).

2.1.3 The organisation supporting the CTBT

The Preparatory Commission of the CTBT is established while await-
ing the Treaty’s entry-into-force. It consists of a Plenary Body and a
Provisional Technical Secretariat that supports the Plenary Body.

The Provisional Technical Secretariat assists the Preparatory Commis-
sion in the establishment of a global verification regime to monitor com-
pliance with the Treatyand promotes the signing and ratification of the
Treaty.

If and when the CTBT enters into force, the Preparatory Commission
will be dismissed and the Comprehensive Nuclear Test-Ban-Treaty Or-
ganisation (CTBTO) will be established. The latter will consist of the
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Conference of the States Parties, the Executive Council and the Tech-
nical Secretariat.

2.2 Nuclear explosions

2.2.1 Radioactive decay

Atoms typically consist of a heavy nucleus made of protons and neutrons,
which is surrounded by a sparse cloud of electrons. Several forces act
on the nucleus of an atom: the strong nuclear force, the electromagnetic
force and in some cases also the weak nuclear force. The gravitational
force is negligible at this scale. Radioactive decay is the spontaneous
transition between nuclear bound states and is described by quantum
mechanics.

The activity of a radioactive source is the number of atoms that decay
per unit of time. It is expressed in becquerel or Bq (one disintegra-
tion per second corresponds to 1 Bq). In this dissertation, the activ-
ity concentration is used for the activity per volume (expressed in
Bq/m3).

The half-life of a radionuclide is the radionuclide-specific time until
half of a very large number of radionuclides has been decayed. It can be
expressed mathematically as:

A(t = t1/2) = A(t = 0)/2 (2.1)

with A the activity and t1/2 the half-life. In general, radioactive de-
cay will decrease the activity as follows (with ln the natural logar-
ithm):

A(t) = A(t = 0) e− ln(2) t/t1/2 (2.2)

There are three types of radioactive decay: alpha decay, beta decay and
gamma decay. A 4He nucleus or alpha particle is released in case of
alpha decay:

A
ZX → A−4

Z−2Y +4
2 He (2.3)
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For beta decay, one can discriminate between β− decay:

A
ZX → A

Z+1Y + e− + ν̄e (2.4)

β+ decay:
A
ZX → A

Z−1Y + e+ + νe (2.5)

and electron capture:

A
ZX + e− → A

Z−1Y + νe (2.6)

Gamma decay can be written as:

X∗ → X + γ (2.7)

with γ a photon.

2.2.2 Nuclear bomb types

Note that the information regarding devices and yield described here is
purely informative: the gathering of information on the type of device
after a nuclear explosion is outside the scope of the CTBT, and outside
the scope of this PhD research.

There are two main types of nuclear weapons. The first type is based on
fission reactions only and is called a fission bomb. Its energy is coming
from fission reactions when enriched uranium or plutonium becomes
supercritical. It consists of chemical explosives and enriched plutonium
or uranium. The bomb is set off by a chemical explosion, which makes
the enriched uranium or plutonium supercritical. This causes the chain
reaction to set off, which generates a huge amount of energy in just a
fraction of a second. The energy that is released can be equivalent to
many kilotons of TNT (2-Methyl-1,3,5-trinitrobenzene).

The second type makes use of both fission and fusion reactions and is
called a thermonuclear bomb (sometimes called a hydrogen bomb).
The fission reaction provides the necessary extremely high pressure and
temperature, which then allows nuclear fusion to occur. The fusion
material is deuterium (2H) and tritium (3H), two isotopes of hydrogen
(hence its name hydrogen bomb). These fusion reactions create a stream
of fast neutrons, which can initiate new fission reactions in the depleted
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uranium. Thermonuclear bombs are more efficient than fission bombs
and have a higher yield, up to megatons of TNT equivalent.

A design more advanced than the fission bomb but less advanced than
the thermonuclear bomb is called the boosted fission weapon. It uses
a small amount of fusion reactions to increase the neutron flux and thus
the fission reactions.

More advanced nuclear weapons make use of fusion and such bombs
hardly result in the release of radionuclides. However, the development
of such weapons requires the scientific and technological knowledge of
the less advanced nuclear weapons. Therefore, countries that develop
nuclear weapons for the first time, will likely start with nuclear tests
that may release many radionuclides.

2.2.3 Radionuclide signature after a nuclear explosion

Several fission products are generated during a nuclear explosion. Some
of these radionuclides are transported in the atmosphere and can be
used for the remote detection of a nuclear explosion, if they satisfy at
least two conditions:

• the radionuclide should have a sufficiently high yield

• the radionuclide should have a half-life long enough to reach a
monitoring station, but short enough to avoid an accumulation in
the atmosphere

Aerosol-bound radioactive fission products are called particulates. These
particles are subjected to deposition processes (they are removed from
the atmosphere by gravitational settling or scavenging by precipitation
while being transported and dispersed in the atmosphere, see also Sec-
tion 3.1.1).

Besides particulates, gaseous radioactive fission products are created
during a nuclear explosion, such as certain radioactive noble gases.

Lastly, activation products are created near the nuclear test site from the
high neutron flux. These activation products can be useful to identify
the existence of a nuclear test site during an on-site inspection (such
on-site inspections become possible if and when the Treaty enters into
force).
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2.2.4 UNE and transport mechanisms of radionuclides

In case of an underground nuclear explosion or UNE, the detec-
tion of radionuclides is less likely since its release into the atmosphere is
restricted to an accidental or human-induced release such as deliberate
venting. However, noble gases have a significantly higher chance of be-
ing released through cracks and fissures in the ground through processes
such as barometric pumping (Carrigan et al., 1996). This can then res-
ult in a delayed release (for the third announced nuclear test conducted
by the Democratic People’s Republic of Korea, this delay is believed to
have been approximately seven to eight weeks, Ringbom et al., 2014).
Of these noble gases, certain isotopes and metastable isomers of xenon
(131mXe, 133mXe, 133Xe and 135Xe with half-lives of respectively 11.84 d,
2.20 d, 5.25 d and 9.14 h, from ENSDF (2016)) have the highest fission
yield in case of a Pu or U device (England and Rider, 1994). Such radio-
active xenon is not only produced during a nuclear explosion, but also
afterwards due to the ingrowth from β− decay of shorter lived radionuc-
lides with the same atomic mass number (isobaric transition).

Krypton (85Kr, half-life: 10.8 y) is less useful for monitoring nuclear
explosions, due to its lower fission yield and its high background in the
northern hemisphere (Hirota et al., 2004).

Argon (37Ar, half-life: 35 d) is, contrary to xenon and krypton, an ac-
tivation product, but could also be used for detecting an UNE. It has
a low background and is produced via neutron activation of 40Ca. Its
measurement however is technically very challenging and the amount of
argon that can be produced is not so well known. However, it might
be an interesting element to search for during an on-site inspection
(Purtschert et al., 2007). Recently, 39Ar (half-life: 269 y) has been pro-
posed as a long-term marker for identifying nuclear test sites (Milbrath,
2017).

2.3 Verification regime of the CTBT

2.3.1 The International Monitoring System

To date, 90% of the International Monitoring System (IMS) has
been installed (CTBTO, 2017a). The IMS provides data, which is ana-
lysed by the International Data Centre and then send to the National
Data Centres of the Member States. These National Data Centres are
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responsible for the interpretation of the data and thus for verifying com-
pliance with the Treaty, and consist of experts in the different verification
regimes of the IMS.

The IMS verification regime consists of three waveform technologies:
seismic waves (mostly produced during underground explosions), hy-
droacoustic waves (mostly produced during underwater explosions) and
infrasound waves (mostly produced during atmospheric explosions). In
order to discriminate between conventional and nuclear explosions, radi-
onuclides are monitored. Worldwide, eighty stations are or will be cap-
able of detecting specific particulate radionuclides in the atmosphere.
Forty of these eighty stations are or will also be equipped with noble
gas detectors to measure specific radioactive xenon isotopes: 131mXe,
133mXe, 133Xe and 135Xe. These isotopes will hereafter be called ra-
dioxenon. The Treaty foresees the option to increase the number of
stations equipped with noble gas detectors to eighty. Sixteen radionuc-
lide laboratories are established to provide quality control and additional
analyses of specific radionuclide samples of interest.

The International Monitoring System, the International Data Centre
and all the stations operators are doing significant effort in making all
the data and derived products available to the National Data Centres.
Such data is not only used to test and develop methodologies for Treaty
verification. Indeed, the data also have many civil applications, ranging
from the issuing of tsunami warnings to studying endangered blue whales
by acoustic monitoring.

This work focusses on the radioxenon component of the IMS since:

• it is abundantly produced during and shortly after a nuclear ex-
plosion

• being a noble gas, it is difficult to contain and thus likely to escape
in case of an underground nuclear explosion

• it is not subject to dry or wet deposition, which facilitates both
the detection and the modelling of its transport in the atmosphere

• its half-life (ranging from hours to days) is comparable to the typ-
ical transport time in the atmosphere that is needed to reach an
IMS noble gas station; furthermore, its half-life is not too long so
there is no risk of an accumulation in the atmosphere.
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2.3.2 Noble gas detection systems

New radioxenon detection systems were designed in the 1990s for use in
the verification regime of the CTBT. A summary of the principles and
technical advances of the radioxenon detection systems is given in Auer
et al. (2010). Three types of noble gas detection systems are currently
used by the IMS: the SPALAX system (Fontaine et al., 2004; Topin
et al., 2015), the SAUNA system (Ringbom et al., 2003) and theARIX
system (Dubasov et al., 2005). The detection of xenon involves roughly
the following steps (Auer et al., 2010)

1. extraction of radioxenon from air via a series of processes including
the use of activated charcoal

2. removal of the adsorbed xenon from the activated charcoal by heat-
ing; the radioxenon is carried through the system with an inert gas
(He or N2) for further processing

3. measurement of the radioxenon concentration

The SPALAX system uses a high purity Germanium (HPGe) crystal
to measure a high resolution gamma spectrum. The radioxenon con-
centration is then determined from its major X-ray and gamma lines (if
present) in the spectrum (a large part of the background is removed dur-
ing the sampling process, resulting in a fairly simple spectrum with only
a few possible peaks). However, the low branching ratios of 131mXe and
133mXe decay with associated gamma rays result in high detection limits
for these isotopes. The SAUNA and ARIX systems measure the radi-
oxenon concentration using beta-gamma coincidence. This technique
measures both gamma and X-rays, in coincidence with beta particles
and conversion electrons. It offers the best detection limits for 131mXe
and 133mXe. Both detection systems can suffer from radon contamina-
tion, since 122Rn daughters have gamma and X-ray energies similar to
radioxenon.

The sampling time is the period that radioxenon is being collected
from ambient air before being processed and measured. The sampling
time of the SPALAX system is currently 24 h, while that of the ARIX
and SAUNA systems is 12 h. These sampling times are short com-
pared to other monitoring systems (for instance, the radioxenon network
of the German Federal Office for Radiation Protection (or Bundesamt
für Strahlenschutz ) samples radioxenon every week). Shorter sampling
times are preferred for short-lived radionuclides, since measurements
cannot distinguish between the case that a radioxenon plume arrived
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at the beginning of the sampling time and the case that a (less dense)
plume arrived at the end of the sampling time. Furthermore, shorter
sampling times result in more informative measurements, which allows
to solve the inverse atmospheric transport modelling problem (where
possible source regions are calculated based on detections) more accur-
ately.

Theminimum detectable concentration or MDC is the radionuclide-
specific activity concentration threshold at which a radionuclide can be
detected with 95% certainty. It is also sample-specific, as it depends on
factors such as the inflow of air and the detector’s contamination from
other radionuclides and from the previous sample.

The radioxenon detection systems are continuously being improved to
better collect and detect radioxenon (Topin et al., 2017; Ringbom et al.,
2017). This will result in a lower MDC and shorter sampling times,
which both increase the IMS verification capability. Furthermore, new
radioxenon detection systems are being developed, such as the “Xenon
International” system (Hayes et al., 2015).

2.3.3 On-site inspections

The Treaty foresees the option to perform an on-site inspection after
the suspicion of a nuclear test. This can for instance be useful when
seismic signals were observed, showing a man-made explosion, without
radionuclides being detected.

Two international integrated field exercises have been conducted to ac-
quire expertise in on-site inspections: one in Kazakhstan in 2008, and
one in Jordan in 2014.

2.4 Civil sources of radioxenon

In the Section above, it was described that radioxenon is an attractive
tracer for nuclear explosions. However, radioxenon is not only created
during nuclear explosions: certain civilian sources also emit radioxenon
into the atmosphere. The amount of radioactive particles released to
the environment is regulated nationally and is below a level that could
impose health risks to humans or to the environment (Saey et al., 2010).
Nevertheless, radioxenon released by civilian sources is regularly meas-
ured by the IMS (Stocki et al., 2005). An overview of the types of civil-
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Table 2.1: Sources of radioxenon and their estimated typical release
(from Saey, 2009). A 1 kt nuclear explosion has a power equivalent to
1,000 tons of TNT.

Hospitals 106 Bq/d
Nuclear power plants 109 Bq/d
Medical isotope production facilities 1011-1013 Bq/d
1 kt nuclear explosion (atmospheric) 1016 Bq
1 kt nuclear explosion (underground) 0 - 1015 Bq

ian radioxenon sources and their associated release amount is given in
Table 2.1. These radioxenon sources are further discussed below.

2.4.1 Nuclear power plants

The International Noble Gas Experiment (INGE) aimed to compare
radioxenon detection systems and to understand the origin of the radi-
oxenon background. It has significantly increased the understanding of
ambient radioxenon (Auer et al., 2004; Stocki et al., 2005). In the first
years of the International Noble Gas Experiment, it was thought that
radioxenon was mainly coming from nuclear power plants (Appelhans
and Turnbull, 1981; Kalinowski and Pistner, 2006).

Nuclear power plants are thought to release radioxenon as follows. Radi-
oxenon is created in the nuclear reactor and can migrate through cracks
in the cladding surrounding the fuel rods (Saey, 2007). Start-up and
shut-down of the reactor increases the thermal stress in the cladding, so
that more radioxenon can be released during these stages. An emission
database for nuclear power plants has been presented in (Kalinowski
and Tuma, 2009). They estimated that the total amount of radioxenon
emitted yearly by all nuclear power plants was 1.3 PBq.

2.4.2 Medical isotope production facilities

The availability of more observations revealed that medical isotope
production facilities are likely an equally important source of civil-
ian radioxenon (Stocki et al., 2005; Saey, 2009) as the nuclear power
plants.

Medical isotopes are used in medicine for diagnostics and therapy. Es-
pecially 99mTc is widely used, which is derived from 99Mo. 99Mo is most



20 Chapter 2. The Comprehensive Nuclear-Test-Ban Treaty

commonly made by irradiating high enriched uranium (HEU) targets or
low enriched uranium (LEU) targets with neutrons (Saey, 2009; Saey
et al., 2010). In that process, other isotopes such as 133Xe are also
produced.

The yearly release of radioxenon from a medical isotope production fa-
cility is estimated to be between 0.01 and 1 PBq (Saey, 2009). Most
medical isotope production facilities have a production cycle of only a
few days, which is the time between irradiation of targets and the release
of radioxenon. As such, the radioxenon has a roughly similar isotopic
fingerprint as a nuclear explosion, contrary to radioxenon released by a
nuclear power plant. This further deteriorates the verification capability
of the noble gas component of the IMS. There are only a few medical
isotope production facilities worldwide.

2.4.3 Other sources of radioxenon

Hospitals (Heimbigner et al., 2002) and nuclear research reactors (Stein-
hauser et al., 2013) can also emit radioxenon, but the amount is low
compared to other civilian radioxenon sources, so that it can only create
a measurable background in the vicinity of such facilities.

2.4.4 Effect of civil sources on the IMS noble gas net-
work

Although the radioxenon emitted by civil sources does not pose any
health risk, it does affect the verification capability of the IMS as demon-
strated in many studies. The average effect of civil sources on the
IMS noble gas measurements shows large regional differences (Wotawa
et al., 2010; Achim et al., 2016; Gueibe et al., 2017). The IMS stations
in North-America and Europe have typically a large radioxenon back-
ground due to the high number of nuclear power plants and the presence
of medical isotope production facilities. Remote stations are less affected
by the radioxenon background. There is a notable difference between
the northern hemisphere and the southern hemisphere: the latter has a
lower radioxenon background since there are less nuclear facilities that
emit radioxenon.

Besides having large regional differences, the radioxenon background
can vary by more than one order of magnitude between consecutive
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measurements taken at a certain station (see for instance Schöppner
et al., 2013; Eslinger et al., 2016).

Given the impact of civilian sources to the IMS network, there is a
clear need to discriminate false alarms (detections of radioxenon origin-
ating from civilian sources) from true positives (detections of radioxenon
originating from nuclear explosions with an associated hydroacoustic,
infrasound or seismic event). There are two possible ways to achieve
this:

1. Simulate the global civilian radioxenon explicitly and compare the
simulated activity concentration with the observed activity con-
centration. However, (i) the release from civilian sources is not
always known and (ii) even with perfect release data, a significant
discrepancy between simulations and observations is possible due
to the turbulent nature of atmospheric dispersion.

2. Look at the isotopic signatures of radioxenon isotopes to discrim-
inate between the different radioxenon sources (see the next para-
graph). However, (i) all four isotopes are seldom measured at the
same time (in fact, most of the times, only 133Xe is measured) and
(ii) it is not guaranteed that the measured radioxenon is originat-
ing from a single source, so that multiple sources could disturb the
isotopic ratio.

Based on particular isotopic ratios of 131mXe and 133Xe, Ringbom et al.
(2014) showed that radioxenon detections after the third nuclear test
conducted by the Democratic People’s Republic of Korea are likely com-
ing from a delayed release of the Punggye-ri nuclear test site, which was
later found to be in agreement with simulations from Carrigan et al.
(2016). Furthermore, isotopic ratios of two radioxenon isotopes allow to
estimate the time of a nuclear event (Bin, 1998).

Another approach consists of mitigating the radioxenon releases from
nuclear facilities (Gueibe et al., 2014). However, there are risks and costs
associated with such mitigation, for instance, in case the radioxenon is
to be contained on-site during a certain period of time before releasing
it into the atmosphere.

2.4.5 Discrimination line

The irradiation time of a uranium target, the diffusion and mixing of air
inside the nuclear facility, and the delay period before release influence
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the isotopic ratio of radioxenon emitted by civilian sources (Kalinowski
and Pistner, 2006; Saey et al., 2010).

Discrimination based on a single isotopic ratio does not allow to screen
out all false alarms (that is, radioxenon originating from civilian sources
Kalinowski et al., 2010). Instead, all four relevant radioxenon isotopes
should be considered. (Kalinowski et al., 2010) proposed a discrimin-
ation line on a log(133mXe/131mXe)-log(135Xe/133Xe) plot (their Figure
8). Depending on the position of an observation on such plot relative
to the discrimination line, the observation can be considered irrelevant
for Treaty verification, or it is considered suspicious and it requires fur-
ther investigation. A major feature of the discrimination line is that
it is time-independent, that is, it is not necessary to know when the
radioxenon was created.

Currently, all four radioxenon isotopes are seldom (if at all) measured
in a single air sample captured by the International Monitoring Sys-
tem. However, as detectors become more sensitive, this technique might
become more important in the future.

2.5 Recent nuclear tests

Three countries have conducted nuclear tests since the CTBT was opened
for signature. These countries are India (1998), Pakistan (1998), and the
Democratic People’s Republic of Korea (DPRK, in 2006, 2009,
2013, 2016 - twice and 2017).

Of particular interest are the more recent announced nuclear tests con-
ducted by the DPRK, since IMS data is available for these tests. There-
fore, these cases allow to test the capability of the verification regime of
the CTBTO to detect or confirm the occurrence of a nuclear explosion.
All six events were picked up by the seismic monitoring component of
the IMS (CTBTO, 2017a). From these seismic wave observations, the
location of all six DPRK nuclear tests were found to be concentrated
around the Punggue-ri nuclear test site.



Chapter 3

Modelling atmospheric
transport and dispersion

This Chapter deals with atmospheric transport and dispersion model-
ling. The first Section discusses the advection-diffusion equation. The
Lagrangian particle model Flexpart is described, which was used ex-
tensively in this work. Uncertainty in atmospheric transport and dis-
persion modelling and the ensemble method to quantify uncertainty are
described. The last two Sections of the Chapter deal with backward
atmospheric transport and dispersion modelling and the source localisa-
tion problem.

3.1 Introduction to long-range atmospheric trans-
port and dispersion

Long-range atmospheric transport and dispersion modelling or
ATM deals with the modelling of the large-scale movement of “particles”
in the atmosphere. The fundamental processes of atmospheric transport
and dispersion are introduced via the advection-diffusion equation. The
concept of particles is explained at the end of this Section.

3.1.1 The advection-diffusion equation

The advection-diffusion equation (Eq. 3.1) allows to calculate the
concentration of a tracer q at any time and place assuming knowledge

23
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of q(x, y, z, t = t0) at a certain time t0. It can be derived from the equa-
tion of the conservation of mass (Lagzi et al., 2013). Above the laminar
layer, which stretches up to a few cm above ground, the molecular diffu-
sion can be neglected. Turbulent diffusion should be taken into account
instead, which can be achieved by applying Reynolds decomposition
and time-averaging (Lagzi et al., 2013). To close the equations, gradi-
ent transport theory or K-theory can be used (Stull, 1988). The
advection-diffusion equation then reads:
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(3.1)

with u, v and w the wind directions in the x, y and z directions, and KH

and KV the horizontal and vertical diffusivity coefficients. This equa-
tion can be solved by atmospheric transport and dispersion models that
are driven by wind fields obtained from numerical weather prediction
models. The first part of the right hand side is the advection term,
which simply represents the movement of particles with the mean wind
as resolved by the numerical weather prediction model. The second part
is the diffusion term, which represents the mixing of particles in the
atmosphere by turbulent eddies. These turbulent eddies are too small
to be resolved by numerical weather prediction models, so their effect
needs to be parametrised. The vertical diffusion depends on the atmo-
spheric stability. Therefore, KV is often parametrised as a function of
the Richardson number or variations on it. The third part represents
emissions and the last term removal processes such as radioactive de-
cay, dry and wet deposition (if applicable). Dry deposition (including
gravitational settling) causes aerosols to be deposited on the ground,
thus removing them from the atmosphere. Wet deposition occurs when
aerosols are being scavenged to the ground by atmospheric hydromet-
eors such as rain and snow. Deposition processes are difficult to model,
in particular wet deposition. The latter is further complicated by the
fact that it strongly depends on the precipitation, which is hard to fore-
cast (especially if the precipitation is convective and has a patchy pat-
tern).
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Eq. 3.1 can be solved analytically by Gaussian plume models, or nu-
merically by Eulerian models and Lagrangian particle models. Eularian
models apply spatio-temporal discretisation, while Lagrangian particle
models simulate the transport and dispersion stochastically by calcu-
lating the movement of a large number of particles that represent the
plume.

3.1.2 Applications of ATM

In the beginning of this Chapter, it was stated that ATM deals with
the modelling of the movement of particles in the atmosphere. These
particles can represent a wide range of physical particles, such as gas
particles, solid aerosol particles, liquid aerosol droplets or even a collec-
tion of particles. The model differentiates between these types by setting
certain parameters (such as the particle’s half-life in case of radioactive
decay, and parameters that are used for modelling dry and wet depos-
ition). As a result, an atmospheric transport and dispersion model can
be used to simulate a wide range of phenomena, such as the transport
of radionuclides released during a nuclear accident, sand particles trans-
ported from the Saharan region to Europe, intercontinental transport
of soot released from forest fires, volcanic ash modelling from volcanic
eruptions creating no-fly zones, greenhouse gas fluxes for climate studies
and many more.

Chemical transport models are similar to atmospheric transport models
but also include chemical reactions. This allows to study for instance
air pollution or ozone concentrations.

3.2 The Lagrangian particle model Flexpart

The Lagrangian particle model Flexpart has been used in this work.
Flexpart is a state-of-the-art atmospheric transport and dispersion model
that is available at www.flexpart.eu and is used by many research
groups worldwide. It is also used operationally by the Preparatory Com-
mission of the CTBTO. In this Section, an overview of the model is given
based on the description in Stohl et al. (2005).
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3.2.1 Particle transport and diffusion

Flexpart is a Lagrangian particle dispersion model that uses meteorolo-
gical data in an off-line mode. Contrary to Eularian models, there is no
numerical diffusion since each particle is tracked individually. Flexpart
is capable of simulating transport and diffusion on the planetary scale up
to the mesoscale. Dry and wet deposition, and radioactive decay can be
taken into account. Flexpart has been validated with data from ETEX
(the European Tracer Experiment) in Stohl et al. (1998). Validation of
later versions of Flexpart was done by Stohl and Trickl (1999), Forster
et al. (2001), Stohl et al. (2002) and Stohl et al. (2003).

The trajectory of an individual particle is calculated by integrating the
trajectory equation (Stohl, 1998):

dx

dt
= v[x(t)], (3.2)

with x the position vector, t the time and v = v̄ + vt + vm the wind
vector, composed of a mean grid box scale wind, turbulent wind fluctu-
ations and mesoscale wind fluctuations. The mean grid box scale wind
vector is provided by the numerical weather prediction model. Tur-
bulent and mesoscale wind fluctuations are discussed in the next two
Subsections.

3.2.2 Turbulent wind fluctuations

Turbulent wind fluctuations are parametrised by Flexpart using a Langevin
equation:

dvti = ai(x,vt, t) dt+ bi,j(x,vt, t) dWj , (3.3)

with a the drift term and b the diffusion term, both functions of the
position, turbulent velocity and time (the index i represents the wind
components). dWj are incremental components of a Wiener process with
mean zero and variance dt, which are uncorrelated in time (Legg and
Raupach, 1982). Gaussian turbulence is assumed, which is strictly valid
under stable and neutral conditions only.

For the vertical turbulent wind component wt, two correction terms are
added to the Langevin equation, which now reads:
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dw = −w
dt

τLw

+
∂σ2

w

∂z
dt+

σ2
w

ρ

∂ρ

∂z
dt+

(
2

τLw

)1/2

σwdW (3.4)

where w and σw are the turbulent vertical wind component and its stand-
ard deviation, τLw is the Lagrangian timescale for the vertical velocity
autocorrelation and ρ is the density. The second term is the drift cor-
rection to account for heterogeneous turbulence (McNider et al., 1988).
The third term is a density correction to account for the decrease of air
density with height (Stohl and Thomson, 1999).

The standard deviation of the wind component σvi and the Lagrangian
timescale τLi is calculated using the parametrisation scheme of Hanna
(1982) based on boundary layer parameters. The boundary layer height
is determined by using the critical Richardson number (Vogelezang and
Holtslag, 1996). Above the boundary layer, a constant vertical diffusivity
KV = 0.1 m2 s−1 is used in the stratosphere and a horizontal diffusivity
KH = 50 m2 s−1 in the free troposphere. Diffusivities are converted into
velocity scales using σvi =

√

Ki/dt.

3.2.3 Mesoscale wind fluctuations

Certain mesoscale motions are not resolved by the numerical weather
data, nor covered by the turbulence parametrisation. For these motions,
an independent Langevin equation is solved in Flexpart. The wind velo-
city standard deviation is proportional to the standard deviation of the
wind velocity in the grid points surrounding the particle’s position. The
time scale dt is taken as half the interval at which meteorological data
is available.

3.2.4 Moist convection

Convection takes place at horizontal scales that cannot be well resolved
by the current state of the art global weather models. Since convective
transport can redistribute particles over the entire troposphere, a con-
vective scheme has been added to Flexpart (Seibert et al., 2001) based
on the convective scheme of Emanuel and Živković-Rothman (1999).
The convective scheme in Flexpart was later revised by Forster et al.
(2007).

Grid-scale temperature and humidity fields are used to calculate a mat-
rix of saturated upward and downward mass fluxes within a grid box
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column, taking into account entrainment and detrainment. Particles
in convectively active grid boxes are redistributed with a probability
proportional to the convective mass flux. The up- and downdrafts are
compensated by a subsidence mass flux calculated for the whole grid
box column. The subsidence mass flux does not redistribute particles,
but is instead modelled as a vertical velocity acting on particles that are
not displaced by the convective mass fluxes.

The effect of the convective parametrisation in Flexpart was assessed
in a recent study by (Kuśmierczyk-Michulec et al., 2017) for long-range
transport in the southern hemisphere. They found that generally the
convective parametrisation led to only a minor decrease of the particle
concentration in the lowest level. For the calculations presented in this
dissertation, the convective parametrisation was used.

3.2.5 Dry and wet deposition

Removal processes in Flexpart, such as radioactive decay, dry and wet
deposition, are modelled by reducing the mass attributed to a particle
(as such, ingrowth is not taken into account). For instance, radioactive
decay is applied as follows:

m(t+∆t) = m(t) exp (λ∆t) (3.5)

with λ = ln(2)/t1/2 and t1/2 the half-life of the species specified in the in-
put files of Flexpart. Dry deposition is modelled by a deposition velocity
calculated at a reference height href (which is by default 15 m):

vd(href ) = −FC(href )/C(href ) (3.6)

where FC is the deposition flux and C is the concentration of a species
at height href . For all particles below twice this reference height, the
mass loss is calculated as:

∆m(t) = m(t)

[

1− exp

(−vd(href )∆t

2href

)]

(3.7)

The deposition velocity can be either specified as a constant, or it can
be parametrised if the physical and chemical properties of a species
are specified. A parametrisation exists for the deposition of gases and
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for particulate matter. Details of both parametrisations can be found
in Stohl et al. (2005). As dry deposition of particulates is applied in
Chapter 9, its parametrisation is summarised here. The deposition ve-
locity of particulates is calculated as:

vd(z) = [ra(z) + rb + ra(z) rb vg]
−1 + vg (3.8)

with ra(z) the aerodynamic resistance and rb the quasilaminar sublayer
resistance. vg is the gravitational settling velocity and is calculated as
follows:

vg =
g ρp d

2
pCcun

18µ
(3.9)

with g the gravitational acceleration, ρp the particle density, dp the
particle diameter, Ccun the Cunningham slip-flow correction (to account
for non-continuum effects when calculating the drag on small particles)
and µ the dynamic viscosity of air. The gravitational settling velocity
(and thus also dry deposition) is strongly dependent on the particulate
size. To take that into account, the particulates are assumed to have a
log-normal size distribution ranging between dp σ

−3
d and dp σ

+3
d . Note

that gravitational settling also affects a particle’s trajectory.

For wet deposition, a discrimination is made between in-cloud and below-
cloud scavenging. For in-cloud scavenging, a distinction is made between
gases and particulate matter. More information can be found in Hertel
et al. (1995). The below-cloud scavenging parametrisation is summar-
ised here. The mass loss is calculated as:

∆m(t) = m(t) [1− exp(−Λ∆t)] (3.10)

with Λ the scavenging coefficient, which is calculated as:

Λ = AIB (3.11)

with A the scavenging coefficient at I = 1 mm/h, I the precipitation
rate and B the dependency on the precipitation rate. Subgrid variability
of precipitation is taken into account (Hertel et al., 1995), since wet
deposition depends non-linearly on the precipitation rate.
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3.2.6 Practical aspects of Flexpart

Since Flexpart is a Lagrangian particle model, it keeps track of indi-
vidual particles instead of grid box concentrations or similar quantities.
Therefore, particle positions need to be converted into a more useful vari-
able. One simple way of doing so is counting the number of particles in
a certain grid box, multiply it with the mass attributed to each particle
and divide it by the grid box volume, which will result in a concentra-
tion. More complex procedures involving kernels can be used too (Uliasz,
1994). For example, Flexpart can make use of a parabolic kernel to cal-
culate the concentration at pre-defined receptors. The bandwidths of
the parabolic kernel depend on the time since release.

3.3 Uncertainties in atmospheric transport and
dispersion modelling

This Section deals with the types of uncertainties associated with at-
mospheric transport and dispersion modelling, and how to quantify
these uncertainties. The ensemble method is described, which was used
to quantify uncertainty. This Section ends with a description of the
Ensemble of Data Assimilations system of the European Centre for
Medium-Range Weather Forecasts (ECMWF).

3.3.1 Types of uncertainties

The following types of uncertainty associated with atmospheric trans-
port and dispersion modelling can be identified (Chang and Hanna, 2004;
Rao, 2005):

1. input uncertainty: uncertainty related to parameters of the ATM
model, uncertainty in the meteorological data that is used by the
ATM model, uncertainty in the source parameters (such as release
amount or release height)

2. ATM model physics uncertainty: uncertainty related to the para-
metrisations in the ATM model such as turbulence, boundary layer
height and deposition processes. Or uncertainty related to the ab-
sence of certain processes in the ATM model.

3. uncertainty originating from the numerical representation: in this
context, a model is a projection of the reality since it has many
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orders of magnitudes less degrees of freedom; therefore, some mis-
match can be expected when comparing a model grid box con-
centration (representative for the whole model grid box) with an
observed concentration taken at a certain point.

Several studies have been performed addressing some of the uncertain-
ties listed above, which allows to gain insight in the relative importance
of each type of uncertainty. Harris et al. (2005) quantified the impact of
five types of uncertainty on trajectories (a trajectory model can be seen
as a simplified ATM model). They found the following rank from least
to greatest: minor model differences, differences in time interpolation (6-
hourly weather data versus 12-hourly weather data), vertical transport
method, meteorological input data and combined two-way differences
in vertical transport method and meteorological input data. Engström
and Magnusson (2009) compared the spread of two sets of trajector-
ies. The first set was created from an ensemble of analyses; the second
set was created by perturbing the trajectory starting point in the ho-
rizontal and vertical direction. The set using the ensemble of analyses
had a 40% increase in trajectory deviation and was more consistent in
estimating the trajectory uncertainties. Finally, Hegarty et al. (2013)
compared three widely used Lagrangian particle dispersion models with
eight tracer experiments from CAPTEX and ANATEX. When using
identical meteorological data, all three models had comparable skill, in-
dicating that differences in the ATM model physics play a secondary
role. These studies indicate that the meteorological data used by an
ATM model is the dominant source of uncertainty.

Lastly, one should not forget that atmospheric turbulence, which drives
atmospheric dispersion, is a random phenomenon. As a result, the con-
centration of a tracer is an inherently random variable that cannot be
predicted exactly (see Chang and Hanna, 2004; Rao, 2005, and refer-
ences therein).

3.3.2 The ensemble method to quantify uncertainty

State-of-the-art atmospheric transport models make use of meteorolo-
gical data in three dimensions, in order to have the best representa-
tion of the state of the atmosphere during the transport and dispersion.
These meteorological fields are generated by numerical weather predic-
tion models. Numerical weather prediction models calculate the state
of the atmosphere by solving the equations of motion and parametrising
certain physical processes. The accumulated error in the wind field is
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an important contribution to the uncertainty in atmospheric transport
modelling.

In order to quantify uncertainties in the meteorological input data a
number of difficult issues have to be addressed. Firstly, the uncertain-
ties are correlated in time and space. Secondly, the uncertainty depends
on the atmospheric flow and is time and space dependent. Indeed, one
situation can be more predictable than another situation; see for instance
Dacre and Harvey (2018) for an example applied to volcanic ash mod-
elling). Lastly, uncertainties in different meteorological quantities are
coupled to each other in a complex way: for instance, an underestima-
tion of the low level humidity can cause the numerical weather prediction
model to miss the occurrence of atmospheric convection: that will then
result in large errors in the horizontal and vertical wind, temperature,
cloud cover and precipitation. As such, adding perturbations that are
correlated in time and space to a certain meteorological quantity (for
instance, temperature) in an off-line mode is not a good way to rep-
resent uncertainty, since other meteorological quantities should change
accordingly.

To address these issues, a widely used technique to quantify uncertainty
in numerical weather prediction modelling (and recently, also in climate
modelling) is called the ensemble technique. Instead of running a
model once using a default setup (the deterministic run or control
simulation), it involves running the model multiple times with per-
turbed input parameters, perturbed model physics, or a blend of both.
Each model realisation is then called a member of the ensemble, and
all ensemble members make up the ensemble. The spread between
the individual realisations of a good ensemble represents the uncer-
tainty.

One of the key challenges of creating a good ensemble is the correct
sampling of the uncertainty by the ensemble members. This requires
good knowledge of all types of uncertainty. Sometimes, this involves
expert judgement, for instance to find a realistic range of values for
certain model input parameter. Fig. 3.1 illustrates the ensemble method
applied to ATM, where the ensemble is constructed by sampling different
input parameters. For each draw of input parameters, the ATM is run
and this results in a set of ATM simulations, represented by different
points in the output space. The ensemble members span a subspace in
the output space that can be interpreted as the uncertainty. Ideally,
the output of an ensemble member and the observed state are drawn
from the same probability distribution. Thus, the spread between the
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Figure 3.1: Illustration of the ensemble method with perturbed input
parameters: the uncertainty on the input space is sampled to quantify
the uncertainty on the output space.

ensemble members should be proportional to the error in a statistical
way.

Obviously, the number of ensemble members should be sufficiently high
to capture the uncertainties underlying the meteorological input data.
On the other hand, an increase of the number of ensemble members
comes with an increase of computational cost and data storage cost.
For instance, a 51-member ensemble requires roughly 51 times more
computational power and data storage than a single deterministic run.
One of the ways to overcome this limitation, is to run the ensemble on
a coarser spatio-temporal resolution, thus decreasing the computational
cost and data storage cost of an individual simulation.

ATM ensembles can be constructed in different ways, as discussed in
Galmarini et al. (2004)). Multimodel ATM ensembles generally do not
well sample the uncertainties because models tend to suffer from sim-
ilar errors (Potempski et al., 2008; Stein et al., 2015). This should be
avoided, as the ensemble will be overconfident (showing too few spread),
and members will resemble each other, not providing extra information
and thus wasting valuable resources.
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3.3.3 The Ensemble of Data Assimilations of ECMWF

The Ensemble of Data Assimilations (EDA) of ECMWF is used to
quantify the uncertainty on the meteorological data in Chapters 7, 8 and
9, where the possible origin of radioxenon detections are calculated. For
such calculations, one can indeed rely on analyses instead of forecasts,
since radioxenon observations are available with at least a one day delay,
and obviously the radioxenon sources should be searched for backward
in time.

The EDA of ECMWF consists of 26 independent lower-resolution 4D-
Var assimilations, of which 25 use perturbed observations, sea-surface
temperatures and model physics. The EDA cycles its own background
error and covariance estimates. It can thus be seen as a variational im-
plementation of a perturbed observation Ensemble Kalman Filter1. The
perturbed members use observations which have been modified by a ran-
dom perturbation drawn from a Gaussian distribution with zero mean
and standard deviation equal to the observation error estimates used in
4D-Var (Buizza et al., 2008; Bonavita et al., 2016). For atmospheric
motion vector (AMV) observations, the perturbations are horizontally
correlated. Furthermore, the sea surface temperature is perturbed in a
way similar to the ECMWF seasonal ensemble forecasting system (Vi-
alard et al., 2005), and the tendencies of the physical parametrisations
are perturbed as described in (Buizza et al., 1999).

The EDA is run twice daily, with the midnight analyses using obser-
vations from 2100 UTC to 0900 UTC and midday analyses using ob-
servations from 0900 UTC to 2100 UTC. Only short 15-hour forecasts,
required for analysis cycling, are run.

3.4 Backward atmospheric transport and dis-
persion modelling

This Section explains the concepts associated with atmospheric trans-
port and dispersion modelling backward in time.

1The Ensemble Kalman Filter is an implementation of the Kalman filter where
the covariance matrix is replaced by the sample covariance. A Kalman Filter is
used, amongst others, in numerical weather prediction data assimilation to optimally
combine observations and a previously made forecast into an analysis, which is the
best estimate of the atmospheric state.
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3.4.1 Introduction

It is not so hard to imagine dispersion of a certain tracer in the atmo-
sphere, for instance smoke rising from a chimney. While imagining that,
it is unconsciously assumed that the dispersion is going forward in time,
that is, the smoke leaves the chimney as one would observe in reality.
The use of atmospheric transport and dispersion models forward in time
is called forward modelling. For certain problems however, it is more
efficient to perform an atmospheric transport and dispersion simulation
backward in time - if the model allows that. This is called backward
modelling. When the number of (possible) sources is larger than the
number of receptors or measurement stations, a backward approach
should be preferred as it is more efficient in that case. Otherwise, a for-
ward approach should be preferred. There is a time symmetry between
forward and backward transport and dispersion, which is for instance
nicely captured in Fig. 1 of Hourdin and Talagrand (2006).

3.4.2 Formulation

Pudykiewicz (1998) presented a method for source evaluation using the
solution of the adjoint advection-diffusion equation (for some models,
such as Flexpart, the backward model is identical to the adjoint model).
The latter was derived using the Lagrange duality relation. Here a
summary is given of the derivation originally presented in Pudykiewicz
(1998).

First, the advection-diffusion equation (Eq. 3.1) is rewritten in a more
compact form (as before, q represents the concentration of the tracer):

∂q

∂t
+∇ · uq −∇ ·K∇q + λq = f (3.12)

where K is the diffusion coefficients tensor, λ ≡ λ(x, y, z) represents loss
processes such as radioactive decay or deposition, and f is the forcing
term representing emissions. The equation can be solved formally by
defining appropriate initial and boundary conditions, as done in Pu-
dykiewicz (1998). Consider the instantaneous release of a tracer from a
point source, which can be written as:

f(x, t) = δ(x− x0) δ(t− t0)Q (3.13)
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where x0 is the source position, and t0 is the time of release. The
evaluation of the parameters x0, t0 and Q in Eq. 3.13, assuming the
activity concentration q governed by Eq. 3.12 is known, defines the in-
verse transport problem (Marchuk, 1995). However, in practice, q is
only measured at specific geotemporal points, so that f(x, t) cannot be
found from Eq. 3.12.

One crude way of solving this problem consists of randomly drawing
source parameters, solving Eq. 3.12 and quantifying the mismatch between
calculated concentrations and measured concentrations. By iteration, a
best set of source parameters can be found. This procedure is, how-
ever, very inefficient unless the possible source parameters are already
sufficiently bounded by a priori knowledge (for instance, in case of the
Fukushima Daiichi nuclear power plant accident, the source location is
known, which greatly reduces the number of possible source paramet-
ers).

Another approach involves solving the adjoint tracer equation with a for-
cing term representing measurements instead of emissions. This equa-
tion is derived here following Pudykiewicz (1998). First, Eq. 3.12 is
written in the following compact form:

Lφ = f (3.14)

with L ≡ ∂
∂t +∇·u−∇·K∇+λ a linear operator. The operator adjoint

to L is defined by the Lagrange duality relation:

< Lh, γ >=< h,L∗γ >, (3.15)

where <> is the inner product defined on a Hilbert space and is given
by:

< g, γ >=

∫

dt

∫

g γ dΩ g, γ ∈ H (3.16)

The Lagrange duality relation is now written as:

< Lq, q∗ >=< q,L∗q∗ > (3.17)

where q∗ is the adjoint of q. The adjoint equivalent of Eq. 3.14 can be
written as:
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L∗q∗ = p (3.18)

By substituting Eq. 3.14 and Eq. 3.18 into the Lagrange duality relation
(Eq. 3.17), one obtains:

< f, q∗ >=< q, p > (3.19)

The explicit form of the adjoint tracer transport operator L∗ can now
be derived. By applying integration by parts and Green’s theorem
to < Lq, q∗ >, one obtains an expression for L∗ (see Pudykiewicz,
1998):

L∗q∗ ≡ −∂q∗

∂t
− u · ∇q∗ + λq∗ −∇ ·K∇q∗ (3.20)

When comparing operator L with its adjoint L∗, we see that the sign
of the time derivative and the advection is reversed, while diffusion and
depletion from decay and deposition have not changed.

3.4.3 Backward modelling with Flexpart

In backward mode, particles are released from the receptor (where the
measurements take place) and their positions are integrated backward
in time. A description of backward modelling in Flexpart is given in
Seibert and Frank (2004). As already mentioned, Flexpart considers
linear processes only. The necessary modifications of these processes
that were needed to allow backward modelling are discussed in Seibert
and Frank (2004) and are summarised below:

• Advection: the sign of the time step is reversed.

• Turbulence: as in the forward calculation since the random tur-
bulence fluctuation is drawn from a Gaussian PDF and is thus
symmetric (P(vt)=P(-vt)).

• Convection: modifications were made by Seibert and Frank (2004)
since the convective updraft and downdraft are not symmetric. In
brief, a short forward calculation is performed in the convection
routine and the result is used to redistribute the particles.
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• Radioactive decay: same as in forward calculation but with the
absolute value of the time step (when integrating backward in
time, the quantity outputted by Flexpart will thus decrease when
going back in time, just as it decreases when going forward in time;
this will become clear in the next Section).

• Dry and wet deposition: is applied in the same way as in for-
ward calculations (when integrating backward in time, Flexpart’s
output will thus decrease when going back in time, as for radioact-
ive decay; this will become clear in the next Section). Although
wet deposition is a non-linear process with respect to rain rate, it
is a linear process with respect to the source term (if the source
term doubles, then the airborne concentration and the deposited
concentration will both double).

3.4.4 Source-receptor-sensitivities

When used in backward mode (which is the same as the adjoint model for
Flexpart), Flexpart outputs source-receptor-sensitivity fields or SRS
fields instead of concentrations. In the literature, the matrix containing
all source-receptor-sensitivities M is sometimes also called the transfer
coefficient matrix (for example in Chai et al., 2015).

The SRS field is a time-dependent, spatially three-dimensional field that
describes the sensitivity between a receptor y and a source Q. Since
Flexpart considers only linear processes, the source-receptor relationship
in Flexpart is linear (Seibert and Frank, 2004):

y/Q = M (3.21)

Considering spatial and temporal discretization, we can write the rela-
tion between a measurement y taken at location x between times tstart
and tstop, and the SRS field M and sources Q (M and Q have values for
each domain grid box x′ and for each time t considered in the simula-
tion):

y(x, tstart, tstop) =
∑

x′,t

M(x, tstart, tstop;x
′, t)Q(x′, t) (3.22)

Thus, the activity concentration y (unit: Bq/m3) at the receptor x,
measured between times tstart and tstop, equals the sum over all grid
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boxes and simulation times of the SRS fieldM (unit: s) times the sources
Q (unit: Bqm−3 s−1). When considering single point sources, the sum-
mation over x′ disappears.

The SRS can be interpreted physically as the residence time of particles
in a certain spatio-temporal grid point (x,y,z,t). Note that the physical
meaning of the SRS changes when one uses different units for source and
receptor: for a source expressed in Bq instead of Bqm−3 s−1), the SRS
can be interpreted as a dilution volume 1/m3.

It should now have become clear why deposition and radioactive decay
act in the same way in forward and backward mode: in backward mode,
it will decrease the SRS field when going backward in time. Indeed,
an observation y can be explained by a weak nearby source (large M)
or by a strong remote source (small M) by using the source-receptor
relationship (Eq. 3.21).

3.5 The inverse atmospheric transport problem

3.5.1 Introduction

The inverse problem in atmospheric transport and dispersion modelling
consists of finding source parameters (such as release location, release
height, release amount and release period) based on a set of measured
concentrations. In principle, the inverse modelling problem can be solved
by both forward and backward atmospheric transport modelling, but in
case the source location is not known, the backward approach is com-
putationally more efficient.

Examples of inverse atmospheric transport modelling include the calcu-
lation of the release amount of radionuclides from a nuclear accident,
such as the Fukushima Daiichi disaster in 2011 (for instance, Stohl
et al., 2012; Winiarek et al., 2012; Saunier et al., 2013; Chai et al.,
2015), or modelling the release of ash from volcano eruptions like the
Eyjafjallajökull in 2010 (Stohl et al., 2011; Chazette et al., 2012) which
severely disturbed air traffic above Europe. For these cases, inverse
modelling is often followed by forward modelling using the best source
parameters obtained from the inverse modelling, in order to know the
concentration of a tracer at any location and any time; this is to comple-
ment the observations that are typically sparse. In other cases, inverse
modelling is also used to locate the source (for instance Tichỳ et al.,
2017, located the source of 131I detections in Europe in 2011). Inverse
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atmospheric transport modelling can also be used to study for instance
greenhouse gas fluxes in climate science.

There are two dominant approaches for inverse modelling (see Rao, 2007;
Hutchinson et al., 2017, for a review): the first approach makes use of
cost function minimisation methods (for instance Eckhardt et al., 2008);
the second approach uses Bayesian inference (for instance Yee, 2008).
Both methods try to find the best source parameters by comparing sim-
ulated measurements with actual measurements; the (dis)agreement is
quantified by a cost function or likelihood function. A set of source
parameters need to be found that result in the best match with the
observations. The next Section describes the optimisation approach for
inverse modelling.

3.5.2 Solving the optimisation problem

Consider a vector of observations y. The task is to find a source term
x(x, y, z, t) so that the following relation is true:

y = Mx+ ǫ (3.23)

here, M is the source-receptor-sensitivity matrix and ǫ is the combined
observation error and model error. Note that this equation is similar to
Eq. 3.21, but now multiple observations are involved. Forward modelling
is often used to calculate Mx after selecting an initial guess source term
x. Via an iterative process, the source term is then refined. However,
with Flexpart, it is possible and (if the source location is not known,
more efficient) to perform a backward calculation for each observation
used in the inverse modelling; the result will be the SRS matrix M, so
that there is no need to rerun the atmospheric transport model during
the optimisation: only the source term x(x, y, z, t) needs to be varied
until a match is found with y.

Both the source-receptor-sensitivity matrix and the observations con-
tain errors. Therefore, a cost function needs to be defined to quantify
the disagreement between the simulated measurements and the observed
measurements. It is then assumed that the most likely source term has
the lowest cost function value. Many error functions can be used to
quantify the disagreement between observed and simulated concentra-
tions. A comparison between different error functions was made by
Cervone and Franzese (2010), for both perfect and noisy observations,
and small and large domains.
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Additional terms can be added to the cost function, in order to regu-
larise the problem. Indeed, in general, the problem is highly ill-posed,
so that regularisation or a priori information are required, in order to
avoid overfitting (which will be the case if there are more degrees of free-
dom than informative observations to solve the problem). For instance,
Eckhardt et al. (2008) used two regularisation terms in their cost func-
tion: (i) a term measuring the deviation from the a priori estimated
source term, and (ii) a smoothness term penalising abrupt changes in
the temporal evolution of the source term.





Part II

Direct modelling

43





Chapter 4

Modelling civilian
radioxenon in Europe

The findings presented in this Chapter have been published in: P. De
Meutter, J. Camps, A. Delcloo, B. Deconninck, and P. Termonia: On
the capability to model the background and its uncertainty of CTBT-
relevant radioxenon isotopes in Europe by using ensemble dispersion
modeling, J. Environ. Radioactiv., vol. 164, pp. 280–290, 2016.

4.1 Introduction

In Chapter 2, the Comprehensive Nuclear-Test-Ban Treaty and its veri-
fication regime were introduced. Particular attention was given to the
noble gas radionuclide component of the verification regime, which is
designed to detect the signatures of a nuclear explosion. In case of a ra-
dioxenon detection, atmospheric transport models (ATM) can be used
to help locate the origin of the detected radioxenon.

It was also discussed in Chapter 2 that there are many civilian sources of
radioxenon, of which the most important ones are a few medical isotope
production facilities (MIPF) and several nuclear power plants (NPPs).
These civilian sources create a background of radioxenon that is regu-
larly detected by the noble gas stations of the International Monitor-
ing System (IMS) and deteriorate the verification capability of the IMS
(Stocki et al., 2005; Wotawa et al., 2010; Bowyer et al., 2013; Achim
et al., 2016).

45
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A good understanding of the radioxenon background is thus imperat-
ive given the impact on the noble gas network. Radioxenon emission
estimates have been made for NPPs (Kalinowski and Tuma, 2009) and
MIPFs (Saey, 2009; Kalinowski et al., 2014, and references therein).
These time-independent emission estimates can be used by ATM to cal-
culate the global distribution of radioxenon (Wotawa et al., 2010; Achim
et al., 2016). Wotawa et al. (2010) were able to calculate 133Xe frequency
distributions that matched observations reasonably well, although they
found that the 133Xe emissions may be underestimated by a factor of
2.

Modelling daily 133Xe concentrations is more challenging than modelling
the 133Xe climatology since it depends more strongly on (i) the meteoro-
logical situation and (ii) the temporal profile of the source term - detailed
information on the 133Xe emission from MIPFs and NPPs is often un-
known. However, for Treaty verification purposes, it is often of interest
to know whether a specific radioxenon detection can be attributed to a
civilian source, or not.

The detrimental effect of the radioxenon background on the verification
regime of the CTBT is accompanied, from a scientific point of view, by
an opportunity: indeed, these civilian sources offer a way to evaluate at-
mospheric transport and dispersion models, if the sources of radioxenon
and their releases are sufficiently known. This Chapter assesses how
well the day-to-day radioxenon background from regional sources at two
noble gas stations in Europe can be simulated for a period of one year,
January-December 2014. We have used radioxenon stack emission data
from the Institute for Radio-Elements (IRE) with the highest available
temporal resolution. The IRE is the largest regional emitter in Europe.
Furthermore, the uncertainty and added value from a meteorology-based
ATM ensemble are assessed. The simulated radioxenon concentrations
and its corresponding uncertainty are compared with observations at two
IMS stations in Europe: DEX33 and SEX63 (see Fig. 4.1 for their geo-
graphic locations). These noble gas stations regularly detect radioxenon
which is released from the many nuclear facilities in Europe.

The Chapter is organized as follows: in Section 4.2, the atmospheric
transport model, the sources and receptors, and the meteorological en-
semble are discussed. Section 4.3 deals mainly with the 133Xe activity
concentration, both its climatology and its daily values in Europe. The
model performance and added value of the ensemble are discussed. The
135Xe activity concentration background is compared with observations
at the end of that Section. A summary and conclusions are given in
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Section 4.4.

4.2 Methods and data

4.2.1 Atmospheric transport and dispersion model

The Lagrangian particle dispersion model Flexpart has been used for the
atmospheric transport and dispersion simulations (Stohl et al., 2005;
Stohl and Thomson, 1999). This model has been described in Sec-
tion 3.2.

4.2.2 Tracer, sources and receptors

The modelled activity concentrations are validated at two IMS noble gas
stations in Europe. The IMS station DEX33 (Schauinsland, Germany;
Fig. 4.1) is equipped with the SPALAX system (Fontaine et al., 2004)
and measures the radioxenon activity concentration daily. The IMS
station SEX63 (Stockholm, Sweden; Fig. 4.1) uses the SAUNA system
(Ringbom et al., 2003) and measures the radioxenon activity concentra-
tion twice a day. More information on radioxenon detection systems is
given in Section 2.3.2.

The radioxenon measured at these IMS stations originate mostly from
the Institute for Radio-Elements (IRE, located in Fleurus, Belgium; see
Fig. 4.1) and to a lesser extend from NPPs (Wotawa et al., 2010). At
IRE, radioxenon emissions are continuously monitored (Deconninck and
De Lellis, 2013). For this study, use has been made of the IRE stack
emission dataset with the highest available temporal resolution of 15 min
(see Fig. 4.2 for an example). The stack flow at IRE was 80, 000 m3/h
and was approximately constant. To take into account the emissions
from nuclear power plants, use has been made of the emission inventory
of Kalinowski and Tuma (2009). Since there are no time-dependent
emission data available, we have assumed continuous emissions. A total
of 21 NPPs closest to the receptors have been taken into account (17
for DEX33 and 4 for SEX63; see also Fig. 4.1). Due to atmospheric
dilution, the importance of a source quickly decreases with increasing
distance from a receptor (Eslinger et al., 2015), so that not every NPP
needs to be taken into account. As a rule of thumb, the importance
of a particular source quickly decreases with increasing source-receptor
distance due to atmospheric dilution (Eslinger et al., 2015), so that not
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Germany

France

Belgium

Switzerland

Sweden

Finland

SEX63

IRE

DEX33

Figure 4.1: Map with the stations DEX33 (Germany) and SEX63
(Sweden) of the International Monitoring System (IMS), the medical iso-
tope production facility IRE (Belgium), and nearby nuclear power plants
(situated in Belgium, Finland, France, Germany, Sweden, Switzerland)
used in the simulations.
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Figure 4.2: Measured 133Xe activity concentration at the IRE stack on
6 January 2014.

every NPP needs to be taken into account (although this might be invalid
in case of direct transport).

We have also assessed the influence on the radioxenon background in
Europe from the Canadian Nuclear Laboratories (CNL), a MIPF in
Ontario (Canada). The radioxenon plumes emitted by CNL are highly
dispersed when arriving in Europe due to the long transport distance.
However, since the emissions are quite large, the effect of CNL on the
radioxenon background in Europe might not be negligible. We have
used a constant release assumption of 5.5 PBq/year (Hoffman et al.,
2009).

4.2.3 Uncertainty

Previous studies have found that uncertainty in the meteorological fields
contribute mostly to ATM uncertainty (see Subsection 3.3.1). One of the
main challenges in quantifying uncertainty in meteorological fields is that
this uncertainty highly depends on the flow of the atmosphere and thus
varies from day to day. Therefore, as stated in Angevine et al. (2014),
uncertainties in the meteorological fields cannot be fully addressed by
correlated random errors, but instead, an ensemble approach should be
used.

In this study, meteorological fields have been obtained by rerunning
a 10-member perturbed subset and one unperturbed control forecast
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(CF) of the Ensemble Prediction System (Leutbecher and Palmer, 2008;
Buizza et al., 2008) of ECMWF for a full year, January-December 2014.
Every simulation day, a new ensemble run consisting of 11 members was
started. The meteorological data have 0.5◦ horizontal grid spacings and
are available every three hours.

Flexpart has been run multiple times: an ATM simulation has been
performed for each member of the meteorological ensemble, so that an
ensemble of 11 ATM simulations were obtained (one run used the unper-
turbed meteorological fields, called the control forecast or CF and ten
other runs used the perturbed meteorological fields, called perturbed
members 1-10). Meteorological data from the latest available ensemble
run have been used for the ATM simulations: data from a certain met-
eorological member with start time 0000 UTC at day D is concaten-
ated with data from the same meteorological member with start time
0000 UTC at day D+1. The spread between the individual realizations
or members contains information about the uncertainty of the simula-
tion. The particles that are released in Flexpart are followed until they
move outside the simulation domain (shown in Fig. 4.1).

4.3 Results

This Section presents results of the simulated 133Xe and 135Xe activity
concentration. Unless otherwise mentioned, the output from the simu-
lations are the sum of the contributions of all sources considered.

4.3.1 133Xe activity concentration climatology

Before assessing daily 133Xe activity concentrations, we turn our atten-
tion to the 133Xe activity concentration climatology, that is, the statistics
for a whole year, at the IMS stations DEX33 and SEX63. We com-
pare the daily median and 95% quantile of the observations with the
simulations for the stations DEX33 and SEX63 in Table 4.1. For the
simulations, results obtained using the control forecast (CF) are given.
The error is the standard deviation between the 11 ensemble dispersion
members.

For DEX33, the simulated median activity concentration is in agreement
with the observed median activity concentration. The 95% quantile of
the simulation is somewhat below the observed 95% quantile. When we
compare these results with the study of Wotawa et al. (2010), we find
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Table 4.1: Observed (Obs) and simulated (CF) median and 95% quantile
133Xe activity concentration (mBq/m3) for IMS stations DEX33 (num-
ber of events: 315) and SEX63 (number of events: 686).

median 95% quantile

DEX33 Obs 0.42 4.03
DEX33 CF 0.45 ± 0.02 3.28 ± 0.39
SEX63 Obs 0.51 2.64
SEX63 CF 0.38 ± 0.01 2.95 ± 0.12

that the observed median and in particular the observed 95% quantile
are significantly lower (factors of 3 and 6) in our period of study (January-
December 2014), compared to the period July 2007 - June 2008 of Wot-
awa et al. (2010). This can be largely attributed to the commitment
of IRE to reduce its radioxenon emissions (Deconninck and De Lellis,
2013).

By plotting the ratio of the number of events where the simulated activ-
ity concentration exceeded a certain threshold with the observed num-
ber of events exceeding that threshold, we get a more general picture
of the radioxenon background simulation performance. Fig. 4.3 (top)
shows that the ratio for DEX33 is quite close to one near the median
(420 μBq/m3), and fluctuates around 1 for the rarer events with higher
activity concentration. The modest bias (Table 4.1 and Fig. 4.3) gives
confidence that our model setup (and particularly our emission assump-
tions) is realistic.

For the station SEX63, the median is underestimated by the simula-
tions, while the 95% quantile is quite well in agreement with the obser-
vations (Table 4.1). By looking at Fig 4.3 (bottom), we see that there
is no unrealistic deviation between observations and simulations at all
thresholds.

To get an idea of the most important emitters contributing to the sta-
tions DEX33 and SEX63, we have calculated the average activity con-
centration from different sources using the control forecast (we have
omitted January to avoid spin-up effects which would underestimate far-
away sources). Fig. 4.4 shows that three nearby NPPs, together with the
IRE and CNL, contribute the most to DEX33. For SEX63, two nearby
NPPs, IRE and CNL contribute roughly equally. Note that the radiox-
enon release differs between different nuclear power plants (Kalinowski
and Tuma, 2009).
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DEX33 

SEX63 

Figure 4.3: Ratio of the number of events where the simulated 133Xe
activity concentration exceeded a certain threshold (abscissa) with the
observed number of events exceeding that threshold for the stations
DEX33 (top) and SEX63 (bottom).

Figure 4.4: Average activity concentration at the IMS stations DEX33
(left) and SEX63 (right) originating from NPPs, the IRE and CNL.
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In the next Sections, we only include IRE, CNL and the four NPPs
closest to DEX33 and SEX63 in our calculations.

4.3.2 133Xe activity concentration time series

Fig. 4.5 and Fig. 4.6 show activity concentration time series at DEX33
and SEX63 as modelled by the control forecast, and as observed by the
noble gas detection system. For the simulation, a distinction is made
between contributions from IRE, from the four NPPs closest to the IMS
station, and from CNL. The error bars have been calculated by taking
the standard deviation of all realizations for every day, and by adding
an extra 10% representing emission uncertainty. This corresponds with
the emission uncertainty of the IRE emission database, but is likely an
underestimation of the emission uncertainty from NPPs and CNL. For
CNL, no error bars are given, since only the control forecast has been
used due to computational limitations. By plotting the distribution
of the activity concentration of the perturbed members divided by the
control forecast, we see that the Gaussian assumption is an acceptable
approximation (Fig. 4.7), so that the standard deviation between the
different members can be used to represent the spread.

From Fig. 4.5 (d) and Fig. 4.6 (d), we see a fairly good agreement
between observations and predictions. The differences between obser-
vations and simulations are in agreement with other studies such as
Schöppner et al. (2014) and Eslinger et al. (2016). There are events for
which the observations fall outside the uncertainty range of the predic-
tions. This should not be surprising since (i) not all sources of uncer-
tainty are taken into account and (ii) the 10 perturbed members are
drawn from an uncertainty distribution and thus can only be evaluated
in a statistical way, not from case to case. A comprehensive uncertainty
quantification should also take into account (i) uncertainty in the rep-
resentation of physical processes in the dispersion model (such as uncer-
tainty in planetary boundary layer representations) and (ii) uncertainty
related to the emissions from NPPs and CNL.

Although CNL contributes nearly continuously to DEX33 and SEX63,
the day-to-day variability of the activity concentration is small com-
pared to IRE and NPP and remains around the minimum detectable
concentration (MDC). Nearby NPPs on the other hand can significantly
contribute to the measured activity, reaching values well above the MDC.
This implies that, besides MIPF such as IRE and CNL, nearby NPPs
should be taken into account to explain the 133Xe background at IMS
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IRE 

NPPs 

CNL 

sum 

Figure 4.5: Simulated and observed 133Xe activity concentration at
DEX33 for 2014: IRE, nearby NPPs, CNL and their sum. The Min-
imum Detectable Concentration (MDC) is also shown. Error bars on
the observations represent the standard deviation. For the error bars on
the simulations: see text.
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Figure 4.6: As Fig. 4.5 but for the IMS station SEX63.
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Figure 4.7: Histogram and normal fit of the 133Xe activity concentration
from the perturbed members divided by the control forecast for DEX33
(top) and SEX63 (bottom).
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stations. As a consequence, the voluntary limit of 5 · 109 Bq/day pro-
posed by Bowyer et al. (2013) for reducing emissions from MIPFs will
not necessarily lead to a proportionally reduction in the xenon back-
ground at IMS stations.

4.3.3 Model performance and statistical scores

To get more insight in our results, we have selected two cases where the
simulations significantly deviate from the observations at DEX33. In
the first case, the simulations largely overestimated the activity concen-
tration (20 May 2014, Fig. 4.5), while in the second case the activity
concentration was underestimated (1 September 2014, Fig. 4.5).

Figs. 4.8 and 4.9 show a map with the activity concentration in the
lowest model output layer (0-100 m) from different sources for every
member of the ensemble. From Fig. 4.8, it is clear that the predicted
concentration at DEX33 is originating from the nearby NPPs and not
from the IRE. Although the possible reasons for an overestimation are
manifold, it follows from Fig. 4.8 that wrong emission assumptions from
nearby NPPs at least cannot be excluded for this case. If, for instance,
one of the nearby NPPs was not operating at that time, it could explain
why the observed 133Xe activity concentration is much lower.

Fig. 4.9 shows a case where simulations underestimated the observed
activity concentration. Although the plume of 133Xe originating from
the IRE is close to DEX33, all the realizations indicate that it does not
pass over DEX331. Fig. 4.9 indicate that DEX33 is influenced by the
plumes from the NPPs Beznau and Leibstadt. There are several reasons
that could explain the underestimation, for instance: a wrong transport
pattern for the plume coming from IRE (thus a lack in the ensemble
spread), absence of certain local (orographic) effects in the simulations
or simply an underestimation of the NPP emissions at that particular
moment.

To quantify the agreement between the modelled and observed activity
concentrations, several model performance scores have been calculated
(Table 4.2). The scores are briefly explained in the appendix at the end
of this Chapter.

For DEX33, we see a fairly good correlation between the simulations

1The timeseries indicate that CNL might be important, but a check using CNL
stack emission data indicated that the CNL contribution is roughly one order of
magnitude lower than the observation.
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Figure 4.8: Spatial plot of the 133Xe activity concentrations (mBq/m3)
from different sources and their sum (columns) for each realization
(rows) for 20 May 2014. The black dot represents the position of DEX33.
The countries shown are (starting top right and going clockwise): Ger-
many, Austria, Italy, France, Belgium and Luxembourg; the country in
the center in Switzerland.
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Figure 4.9: As Fig. 4.8, but for 1 September 2014.
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Table 4.2: Statistical scores for the IMS stations (first and second
column: control forecast CF and ensemble median for DEX33; third
and fourth column: control forecast CF and ensemble median for SEX63;
fifth column: range of possible values with best value in bold). Threshold
for CSI: 1 mBq/m3. For the CRPS, the full ensemble has been used in-
stead of the ensemble median. See text for explanation of the scores.

DEX33 SEX63 Range
CF Ens median CF Ens median

ρ 0.51 0.51 0.10 0.09 [0..1]
FB 0.12 0.06 -0.06 -0.12 [−2..0..2]

NMSE 3.87 3.97 5.27 5.15 [0..+∞[
WNNR 4.12 4.17 11.1 11.0 [0..+∞[
NNR 1.05 1.02 1.28 1.24 [0..+∞[
CSI 0.36 0.38 0.22 0.21 [0..1]
FA2 41.3 43.8 33.7 34.5 [0..100]
FA5 69.2 69.5 65.4 65.9 [0..100]

CRPS (mBq) 0.84 0.67 0.82 0.69 [0..+∞[

and observations. The low fractional bias (FB) confirms the results
presented in Section 4.3.1, that is, no significant bias is present in the
simulated 133Xe activity concentration. The Normalized Mean Square
Error (NMSE), although being a widely used score, is biased for over-
estimations as discussed by Poli and Cirillo (1993). They proposed two
alternatives, the Weighted Normalized mean square error of the Nor-
malized Ratios (WNNR) and the Normalized mean square error of the
Normalized Ratios (NNR), which are both given in Table 4.2. Further-
more we have calculated the Critical Success Index (CSI) (also known
as Figure of Merit in Space, or the Threat Score), the fraction of simula-
tions within a factor 2 and 5 of the observations (FA2 and FA5) and the
Continuous Rank Probability Score (CRPS). Note that in the determ-
inistic case, the CRPS is identical to the mean absolute error.

The scores for SEX63 are generally poorer than those for DEX33. In par-
ticular, the correlation, the NMSE and the WNNR are poor, suggesting
that although the simulations are able to reproduce the observed clima-
tology of 133Xe activity concentration, they are not able to reproduce
the daily changes. The difference in performance between DEX33 and
SEX63 can at least partly be attributed to the limited knowledge of the
emissions from NPPs. For the emissions from IRE, we have an accurate
emission database. For the NPPs and CNL, we only have an estimation
of the yearly emission. For DEX33, the percentage of cases for which
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the modeled contribution from the IRE was 10 times higher than the
modeled contribution from the NPPs was about 32%. For SEX63, this
was only 2.5%.

Support for this explanation can be found by looking at the results of
Wotawa et al. (2010); they found that at SEX63 there is some correl-
ation with emissions (which were assumed constant) from the IRE and
CNL, but no correlation with the NPPs (although NPPs impact the sta-
tion). In our period of research, the emissions from IRE are much lower
compared to the emissions in Wotawa et al. (2010), so that in our simu-
lations the relative importance of the NPPs is larger. This can explain
the low correlation between simulations and observations.

4.3.4 Added value of the ensemble

Ensemble forecasting is generally used for the purpose of (i) improving
the forecast and (ii) providing information on the uncertainty of the
forecast. The former is typically achieved by taking the (weighted) av-
erage or median of the ensemble, which could then outperform a single
deterministic forecast; the latter can be achieved by using the spread of
the individual members. In this Subsection, we assess whether our en-
semble performs better than the single control simulation, and how well
the spread between the members can be interpreted as an uncertainty
on the simulations.

By comparing the statistical scores of the control forecast with those
from the median (Table 4.2), it is found that the ensemble median per-
forms quite similar as the control forecast. As an additional test, the
Brier score has been calculated for the control forecast and the full en-
semble. The Brier score is a common score for verifying ensemble-based
probabilistic forecasts of binary events. The binary event is in this con-
text the (non-)exceedance of a certain activity concentration threshold
at an IMS station. The Brier score is defined as:

B =
1

N

N∑

i=1

(pi − oi)
2 (4.1)

where pi are simulated probabilities of a binary event, and oi are occur-
rences (1 if the event occurred, 0 if it did not). The simulated probability
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Figure 4.10: Brier score for different thresholds for DEX33 (upper left)
and SEX63 (bottom left) calculated using only the control forecast
(black) and using the full ensemble (red). The difference between the
control forecast and the full ensemble is shown on the right. The error
bars represent the 95% sampling uncertainty.

pi has been calculated as follows:

pi =
n+ 2/3

M + 4/3
(4.2)

where n is the number of members that simulate a value above a threshold
θ and M is the total number of ensemble members M. Fig. 4.10 shows
the Brier score for different thresholds for the period 2014. The error
bars show the 95% quantiles which were calculated using the bootstrap
technique (Canty and Ripley (2015); Davison and Hinkley (1997)). The
ensemble simulation has a better Brier score than the deterministic fore-
cast for every threshold. The 95% confidence intervals obtained from
bootstrapping show that this finding is statistically significant.

To evaluate ensemble spread as uncertainty on the dispersion simulation,
we have plotted so-called rank histograms or Talagrand diagrams. These
rank histograms are constructed as follows: for each observation, the
simulated activity concentration of the ensemble members are ranked.
Then, the position of the observations relative to the ranked members
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Figure 4.11: Rank histogram for DEX33 (left) and SEX63 (right). The
horizontal line denotes the ideal position of the bars (flat histogram).

is binned. Since our ensemble consists of 10 perturbed members and a
control forecast, there are 12 possible positions for the observations (for
example, 1 if the observation is smaller than all ensemble members; or
12 if the observation is larger than all ensemble members). Cases where
the observations were zero (too few radioxenon for a measurement) have
been omitted, since these would mostly end up in the upper left bar.
The rank histograms need to be interpreted with care as discussed in
Hamill (2001): for instance, a U-shaped rank histogram, which is of-
ten interpreted as a lack of ensemble spread, can also be caused by a
conditional bias.

From the rank histogram (Fig. 4.11), we see that both our ensemble sim-
ulations at DEX33 and SEX63 are U-shaped. For DEX33, we see that
a significant part of the uncertainty is captured by the ensemble. We
have assessed the rank histogram for different seasons. First we discuss
results for DEX33. For the period March-April-May, the rank histogram
is more flat, while for the periods June-July-August and December-
January-February, it is more U-shaped (not shown). For the period
September-October-November, there was no sufficient data to make any
statements. We conclude that, although results are somewhat better
for the spring season, there is no conditional bias related to the sea-
sons.

For SEX63, we see a more pronounced U-shaped form, together with a
slight bias towards underestimating the activity concentration (in agree-
ment with Table 4.1). This shape was consistent for all seasons, although
it was somewhat less biased for the spring season (MAM) and somewhat
flatter for the summer (JJA) (not shown).
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Figure 4.12: Simulated and observed 135Xe activity concentration at
DEX33 for 2014. The Minimum Detectable Concentration (MDC) is
also shown.

We conclude that the U-shaped form of the rank histogram is most likely
due to a lack of spread in the ATM ensemble. Taking into account emis-
sion uncertainty or uncertainty related to the turbulence parametrisation
in Flexpart could partly resolve this lack of spread.

4.3.5 135Xe activity concentration

As an additional test, we have assessed the 135Xe activity concentration
at DEX33 and SEX63. Given the short half-life of 135Xe (9.14 h), we can
neglect contributions from CNL due to the long transport time.

Fig. 4.12 shows the observed and modelled 135Xe activity concentra-
tion at DEX33 for 2014. The observations show that there was only
one sample that contained sufficient 135Xe to be measured (21 January
2014). This has been confirmed by the Flexpart simulations, although
the simulated concentration is slightly higher.

The situation at SEX63 is more complicated due to a few large NPPs
that emit significant amounts of 135Xe (Kalinowski and Tuma, 2009).
Fig. 4.13 shows the observations and simulations for 2014. We see that
both simulations and observations are around the Minimum Detectable
Concentration (MDC), indicating that the order of magnitude is correct,
but there is no correlation between observations and simulations.

4.4 Summary and conclusion

We have assessed the capability of simulating the radioxenon background
from regional sources in Europe, using the Lagrangian particle model
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Figure 4.13: As Fig. 4.12 but for the IMS station SEX63.

Flexpart coupled to a subset of the Ensemble Prediction System of
ECMWF. We have used radioxenon stack emission data with a time
resolution of 15 minutes from IRE, the largest radioxenon emitter in the
region. For the NPPs, we have assumed continuous emissions and have
taken yearly emission strengths from the database of Kalinowski and
Tuma (2009).

Contrary to previous background calculations (Wotawa et al., 2010),
we did not find on average a severe underestimation in the simulated
activity concentration, indicating that the emission assumptions we used
are realistic for our period of research.

Although the climatology at the IMS stations DEX33 and SEX63 can
be simulated well, the (sub)daily values of radioxenon activity concen-
tration are more difficult to simulate. We succeeded reasonably well in
simulating daily radioxenon concentrations at DEX33, but results were
poor for SEX63. We have argued that the latter could be attributed
to the stronger influence of NPPs, of which the emissions are more un-
certain compared to the IRE, for which an emission database has been
used. Furthermore, the results for SEX63 could be less accurate due to
the fact that the station samples air twice every day (compared to once
every day for DEX33), so that the measurements are more sensitive to
plume arrival errors in the simulation.

It has been shown that nearby NPPs can play an important role in
the radioxenon background at IMS stations. Although the accumulated
contribution from MIPFs dominates over the accumulated contribution
from NPPs, day-to-day variability in the activity concentration can lead
to NPP contributions well above the minimum detectable concentration.
Therefore, more knowledge on the NPP emissions can help to improve
simulating the background at IMS stations. Furthermore, reducing the
emissions of MIPFs by one order of magnitude could already result in
concentrations being dominated by NPP releases at the locations stud-
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ied.

An important part of the ATM uncertainty can be attributed to meteor-
ological uncertainty (Hegarty et al., 2013). This has been quantified by
using a meteorology-based ensemble. Furthermore, the ensemble gave
similar to better results than a single deterministic simulation, depend-
ing on the metric.

Finally, we have looked at the 135Xe background and found that the
observations at DEX33 could be reproduced. As for 133Xe, results were
poor for SEX63, although having the correct order of magnitude.

4.5 Appendix: statistical scores

• ρ: Pearson correlation coefficient

ρ(a, b) =
cov(a, b)

var(a) · var(b) (4.3)

• FB: fractional bias

FB =
2

N

∑N
i=1(pi − oi)

p̄+ ō
(4.4)

where pi are simulated data, oi are observations, N is the num-
ber of data points and p̄ and ō are mean simulated and observed
concentrations.

• NMSE: normalised mean square error

NMSE =
1

N

∑N
i=1(pi − oi)

2

p̄ · ō (4.5)

• WNNR: Weighted Normalized mean square error of the Normal-
ized Ratios

This score has been introduced by Poli and Cirillo (1993). We
define (using the same notations):

si =
oi
ō

ki =
pi
oi

k̂i = e−|ln ki|
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WNNR =

∑N
i=1 s

2
i (1− k̂i)

2

∑N
i=1 si k̂i

(4.6)

• NNR: Normalized mean square error of the Normalized Ratios

As for the WNNR, this score has been introduced by Poli and
Cirillo (1993). We have (using the same notations as above):

NNR =

∑N
i=1(1− k̂i)

2

∑N
i=1 k̂i

(4.7)

• CSI: Critical Success Index

Define a threshold to convert the simulated and observed concen-
trations into binary numbers (1 if exceeding the thresold, 0 if not).
From this, one can discriminate between hits (a), false alarms (b),
misses (c) and correct negatives (d). The Critical Success Index is
then defined as:

CSI =
a

a+ b+ c
(4.8)

• FA2: fraction of simulations within a factor 2 of the observations

• FA5: fraction of simulations within a factor 5 of the observations

• CRPS: Continuous Rank Probability Score

The Brier score (Eq. 4.1) makes use of a fixed threshold. The
CRPS is the integral of the Brier score over all possible thresholds
x:

CRPS =
1

N

N∑

i=1

∫

(pi(x)− oi(x))
2 dx (4.9)





Chapter 5

International long-range
ATM challenge

5.1 Introduction

Forty noble gas stations are or will be monitoring for the presence of
certain radioactive xenon isotopes. These radioxenon isotopes can be
produced during a nuclear explosion, or by certain civilian nuclear fa-
cilities. In case of a detection, it is important to discriminate between
radioxenon that originated from civilian facilities and radioxenon that
originated from nuclear explosions. As stated in (Maurer et al., 2018),
“atmospheric transport modelling and isotopic ratio analysis can be con-
sidered as the most important means for achieving this goal”.

In Eslinger et al. (2016), the authors report on an international model
comparison study. 133Xe stack emission data from the Institute for Ra-
dioElements (IRE, located in Fleurus, Belgium) was used to reconstruct
observations at the IMS noble gas station RN33 in Schauinsland (Ger-
many). The aim of the study was to “ascertain the level of agreement
that can be achieved between atmospheric transport models using stack
monitoring data and xenon isotopic concentration measurements at IMS
stations” (Eslinger et al., 2016).

More recently, a second international model comparison study was star-
ted that is more comprehensive and technically more demanding. This
second model comparison study consists of two phases: a “blind phase”
and an “open phase”. During the blind phase, participants were asked
to simulate the 133Xe contribution from the Australian Nuclear Science

69
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and Technology Organisation medical isotope production facility (An-
sto, near Sidney, Australia) to six IMS stations in the southern hemi-
sphere. The location of the IMS stations and the Ansto facility are
shown in Fig. 5.1. Real emission data were not made available then
and participants were asked to perform simulations with unit releases
in pre-defined emission intervals (daily, half-daily, 3-hourly and hourly).
The organising committee then evaluated the submissions by scaling the
results with the true source term and comparing the simulated activity
concentrations with the IMS noble gas station observations. Seventeen
organisations from ten countries participated; the total number of sub-
missions was thirty (participants were encouraged to submit more than
one run). We participated to this study, and the results were published
recently in Maurer et al. (2018). In the current open phase of the chal-
lenge, participants have access to the Ansto 133Xe emission data and the
IMS observations to perform additional in-depth research.
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Figure 5.1: Map of the domain with the positions of the selected six IMS
stations (in blue) and the medical isotope production facility Ansto (in
black) marked.

This Chapter reports on the findings of this second international ATM
challenge. The main findings from the blind phase are described. Ad-
ditional work using ensembles was performed in the open phase of the
challenge, which is described in the second part of this Chapter.

5.2 Summary of results from the blind phase

We have participated in the closed phase of the model comparison ex-
ercise and have submitted two sets of results. Both submissions used
Flexpart coupled to 3-hourly weather data from ECMWF: one set of
simulations used the operational weather data at 1◦ horizontal grid spa-
cings, while the second set of simulations used the unperturbed member
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of the Ensemble of Data Assimilations1 at 0.5◦ grid spacings. The ranks
for the different submissions are shown in Fig. 5.2 taken from Maurer
et al. (2018). Our submissions, labelled SCKCENRMI1, SCKCENRMI2
and SCKCENRMI1−2 (the latter being the mean of the former two) are
located in the upper part of the table, having a rank higher than the
mean. The calculation of the rank is described in the next Section (see
Eq. 5.1).

  

Figure 5.2: Scores of the submissions for the 2nd ATM Challenge from
Maurer et al. (2018).

Submissions were grouped by common characteristics, such as spatial
resolution or meteorological input data, in order to identify features

1Here, the ECMWF ENDA (Ensemble data assimilation) stream was used since
the ELDA (Ensemble Long window Data Assimilation, used elsewhere in the disser-
tation) stream was not yet available for that period
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related to these characteristics. However, such analysis should be in-
terpreted with care as (i) the simulation period is rather short and the
number of detections is small, so that features might not be statistically
significant and (ii) several characteristics are correlated (for instance,
the atmospheric transport model Hysplit is more often used with NCEP
meteorological data, while the Flexpart model is more often used with
ECMWF data, making it difficult to make statements about which met-
eorological data or ATM model is performing best). Nevertheless, the
following features were found from both the first and the second model
comparison exercise (Eslinger et al., 2016; Maurer et al., 2018):

• When using stack emission data, daily release intervals were suffi-
cient to model the radioxenon contribution at IMS stations. There
is no clear benefit when using emission data with higher temporal
resolution. This has also been confirmed recently in De Meutter
et al. (2018), using a different methodology. (The results of the
latter are described in Chapter 6.)

• Meteorological data extracted at finer spatial resolutions do not
seem to improve the simulations for synoptic scale (∼1000 km)
and planetary scale transport and dispersion. A similar result is
found for the atmospheric transport model output grid resolution.

Furthermore, the study showed that:

• The estimated stack emission data uncertainty of 20% is currently
acceptable since the observed deficiencies between simulations and
observations are generally larger.

• Model performance at individual stations is quite diverse and does
not depend on the source-receptor distance (remote stations can
have a better score than nearby stations). It is hinted that the
model performance largely depends on the correct representation
of boundary layer processes.

In Maurer et al. (2018), multimodel ensembles were constructed to assess
whether it is possible to find a selection of submissions that outperforms
individual submissions. For each possible ensemble size, all possible
member selections were considered and the combination of members
resulting in the largest rank was selected. In Maurer et al. (2018), an
example is given for the station RN46. A higher rank was found for
ensemble sizes between 2 to 6 members, but the increase was not very
pronounced (0.36 for station RN46). Furthermore, it was found that the
rank decreased by around 1.0 if all runs were averaged. This is likely a
feature common to multimodel ensembles (Kioutsioukis and Galmarini,
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2014): indeed, such ensemble members (i) sample similar errors, and (ii)
have generally a different skill, which requires to use weightings when
constructing the ensemble mean.

5.3 The open phase: objective and methodo-
logy

In the open phase, additional modelling experiments were performed.
Two ensembles were created and their features were compared with
those found using the multimodel ensemble described in Maurer et al.
(2018). As a secondary objective, it was assessed whether the indi-
vidual ensemble members perform roughly equally well on average. This
would support the probabilistic view of ensemble members used later in
Chapters 7, 8 and 9.

First, in collaboration with ECMWF, unique weather data was created
by running version cy43r1 of the Ensemble of Data Assimilations (EDA)
of the European Centre for Medium-range Weather Forecasts (ECMWF)
for the period May-June 2013. The EDA system consists of 26 independ-
ent lower-resolution 4D-Var assimilations, of which 25 use perturbed ob-
servations, sea-surface temperatures and model physics (Bonavita et al.,
2016). It was used here to quantify the meteorological uncertainty in the
ATM simulations. The following actions were applied to the 26-member
EDA system to obtain a 51-member meteorological ensemble: the 25
sets of perturbations with respect to the ensemble mean were added
to and subtracted from the unperturbed member, so that an ensemble
of 50 perturbed members and one unperturbed member was obtained.
By doing so, the mean perturbation is forced to be zero so that the en-
semble mean is equal to the minimum error variance estimate of the true
state (Leutbecher and Palmer, 2008), which is desired. For each met-
eorological ensemble member, an atmospheric transport and dispersion
simulation was performed, resulting in 51 ATM simulations and thus 51
ATM scenarios2.

Second, a Poor Man’s ensemble was constructed and compared with
the EDA-based ensemble. This Poor Man’s ensemble was constructed

2It is doubtful that such procedure will create correlations between the positive
and negative perturbation members, because each particle’s perturbed position is the
cumulative effect of many meteorological perturbations and turbulent perturbations.
The ranks of the positive perturbation members were not correlated with the ranks
of the negative perturbation members (the correlation was 0.01).
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from the atmospheric transport and dispersion simulation that was run
using the unperturbed member. The “ensemble members” for a certain
receptor consisted of the grid box closest to that receptor, and the eight
surrounding grid boxes, for the first 6 model levels (0-100 m, 100-300 m,
300-600 m, 600-1000 m, 1000-2000 m and 2000-3000 m). The result is
a 54 “member” ensemble. Since it only requires one simulation, such
“ensemble” is computationally inexpensive, hence it is called a Poor
Man’s ensemble.

The Lagrangian particle model Flexpart was used in forward mode.
Flexpart was coupled with the meteorological data described above. For
each ensemble member, a new Flexpart simulation was performed. The
133Xe release data from the Ansto facility stack monitoring system was
used with the highest available temporal resolution, which was release
data with 15-minute intervals.

The simulated 133Xe activity concentrations were compared with ob-
served 133Xe activity concentrations at six IMS stations for the period
of interest. To quantify the (dis)agreement between the observed and
simulated activity concentration, the rank score was used as defined in
Maurer et al. (2018).

Rank = R2 + (1− |FB|
2

) + F5 +ACC (5.1)

with R the correlation coefficient, FB the fractional bias, F5 the factor
of simulated activity concentrations within a factor five of the observa-
tions and ACC the accuracy with the associated threshold being the
sample-specific minimum detectable concentration (roughly the accur-
acy of discriminating between a detection and a non-detection). As
noted in Maurer et al. (2018), detections at the IMS stations RN04,
RN09, RN27 and RN46 might have originated from other sources than
Ansto. Thus, even a perfect simulation would not result in a perfect
score. For the station RN11, no reliable influence of Ansto was found,
and results from this station were not included in the evaluation. Nev-
ertheless, the station was chosen to verify that no false positives would
be simulated (Maurer et al., 2018).

5.4 Results from the open phase

In this Section, results obtained using the Ensemble of Data Assimila-
tions and using the Poor Man’s ensemble are presented.
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5.4.1 Ensemble of Data Assimilations

The Ensemble of Data Assimilations of ECMWF was used to construct
a 51-member ensemble that quantifies the meteorological uncertainty.
Flexpart was run using each ensemble member, resulting in an ensemble
of 51 Flexpart simulations. The resulting activity concentration time
series are shown in Fig. 5.3. It can be seen that the ensemble spread
is generally insufficient, since the observation falls outside the region
spanned by the ensemble members. This suggests that other sources of
uncertainty need to be taken into account, such as uncertainty related to
transport and dispersion processes. However, for the underestimations,
it could also be that certain civilian sources other than Ansto influence
the observations. Fig. 5.4 shows the rank for the full ensemble and the
different IMS stations. Here, it can be seen that the unperturbed mem-
ber performs only slightly better than the median rank, hinting that
the perturbations do not result in a decreased skill. Furthermore, the
rank of the ensemble mean and median perform better than the median
rank of the ensemble, and somewhat better than the rank of the unper-
turbed simulation. Finally, when the mean is taken over all the IMS
stations, the spread in rank between the different ensemble members is
modest, which supports the probabilistic view of the ensemble presented
in Chapters 7, 8 and 9.

5.4.2 Poor Man’s Ensemble

From the Flexpart simulation using the unperturbed EDA member, a
Poor Man’s ensemble was constructed by considering surrounding grid
boxes as ensemble members. A 54-member “ensemble” was obtained by
taking the grid box closest to the station’s position, the eight surround-
ing grid boxes and that for the lowest six output layers of Flexpart.

The 133Xe activity concentration time series are shown in Fig. 5.5. While
the spread is greatly increased for station RN04, closest to the source, the
spread for the other stations remains generally too low. This is consistent
with Engström and Magnusson (2009), who found that initially the mean
trajectory deviation is larger when perturbing the release position of a
backward trajectory, but for trajectory lengths of more than one day, an
ensemble of analyses produces more trajectory deviation. The rank at
each IMS station is shown in Fig. 5.6. For every station, it is possible to
find a grid box that performs better than the grid box that corresponds
to the station’s true location. However, when taking the average over all
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stations, it can be seen that all ensemble members perform worse than
the grid box corresponding to the station’s true location. The station-
averaged rank shows a spread almost twice as large as for the EDA-based
ensemble (Fig. 5.4). These findings should not surprise, since there is
no physical basis why such ensemble should sample the uncertainties
correctly.

5.5 Summary

A second international ATM model comparison study was performed,
to which we participated. The purpose of this challenge was twofold:
first, to assess the agreement that can be found between simulated and
observed activity concentrations when using stack emission data and
atmospheric transport modelling; and second, to engage, to enhance
discussions, and to exchange knowledge between experts working on the
radionuclide verification part of the CTBT. For that purpose, the long-
range atmospheric transport and dispersion of 133Xe emitted by the
nuclear facility Ansto was modelled and compared with observations
from the International Monitoring System in the southern hemisphere
(Fig. 5.1). At the beginning of this Chapter, a summary of the results
published recently in Maurer et al. (2018) was given.

After the comparison phase of the challenge, we performed two addi-
tional experiments. First, an ensemble was constructed using the En-
semble of Data Assimilations of ECMWF, and second, a “Poor Man’s”
ensemble was constructed consisting of multiple surrounding grid boxes
taken from a single Flexpart simulation. While both ensembles show
spread (Figs. 5.3 and 5.5), the EDA-based ensemble also gave better
results when taking the ensemble mean or median (Fig. 5.4). This was
not the case for the Poor Man’s ensemble (Fig. 5.6).

Importantly, the EDA-based ensemble members show only a modest
spread in skill when considering the mean rank over all IMS stations.
In other words, no EDA-based ensemble member performs significantly
worse or better compared to the other ensemble members. This supports
the probabilistic interpretation used in Chapters 7, 8 and 9, where it
is assumed that each member is indistinguishable from each other (in
the sense that they have equal probability). Such behaviour was not
obtained using the Poor Man’s ensemble.
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Figure 5.3: 133Xe activity concentration time series for five IMS stations
obtained using Flexpart and the Ensemble of Data Assimilations. The
unperturbed member (unpert mbr), the 50 perturbed members (pert
mbrs), the observations (obs) and the minimum detectable concentration
(MDC) are shown.
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Figure 5.4: Tuckey box plot of the rank of the ensemble members ob-
tained using the Ensemble of Data Assimilations, for each of the five
IMS stations and for the mean rank over all stations. The rank of the
unperturbed member, the ensemble mean and the ensemble median are
highlighted with filled bullets.
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Figure 5.5: As Fig. 5.3 but using a Poor Man’s ensemble. Note that the
unperturbed member in this context is the grid box that corresponds
with the true station location.
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Figure 5.6: As Fig. 5.4 but using the Poor Man’s ensemble. Note that
the unperturbed member in this context is the grid box that corresponds
with the true station location.



Chapter 6

Intrinsic temporal
resolution of ATM

The findings presented in this Chapter have been published in: P.
De Meutter, J. Camps, A. Delcloo, B. Deconninck, and P. Termonia:
Time resolution requirements for civilian radioxenon emission data for
the CTBT verification regime, J. Environ. Radioactiv., vol. 182, pp.
117–127, 2018.

6.1 Introduction

In the previous Chapters, we have seen that certain radioactive xenon
isotopes (131mXe, 133mXe, 133Xe and 135Xe, for ease of notation called
“radioxenon”) are being monitored as part of the verification regime
of the CTBT. The IMS noble gas stations sample high volumes of air
during a period of 12 h or 24 h (depending on the detection system),
during which xenon is extracted from the air (see for instance Ringbom
et al., 2003; Fontaine et al., 2004). These noble gas detection systems
are still being improved: in the future, systems will collect more xenon
during a shorter sampling period, allowing a better source localisation
in case of a suspicious detection. For instance, the sampling time of the
SAUNA III system will be reduced to 6 h instead of 12 h (Ringbom et al.,
2017), the sampling time of the SPALAX-New Generation system will
be reduced to 8 h instead of 24 h (Topin et al., 2017) and the sampling
time of Xenon International will be 6 h (Hayes et al., 2015).

Civilian sources such as medical isotope production facilities (Saey, 2009;

81
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Kalinowski et al., 2014) and nuclear power plants (Appelhans and Turn-
bull, 1981; Kalinowski and Pistner, 2006) also emit radioxenon, and this
radioxenon is being detected regularly by the IMS. Not only can this
background give rise to false alarms (detections of radioxenon not as-
sociated with a nuclear explosion), it could also lead to a miss (if the
background masks the radioxenon signatures from a nuclear explosion,
see Bowyer et al. (2013)).

One of the approaches to deal with this issue, is to simulate the daily
radioxenon concentrations from civilian sources at IMS stations by us-
ing atmospheric transport models (for instance, Schöppner et al., 2013;
Eslinger et al., 2016; De Meutter et al., 2016; Maurer et al., 2018). In
principle, this allows one to check whether a detection at an IMS noble
gas station is originating from civilian sources instead of a nuclear ex-
plosion. However, modelling the daily radioxenon activity concentration
is a difficult task and a perfect match between simulated and observed
concentrations is not possible due to the turbulent nature of atmospheric
dispersion. In order to quantify the contribution from civilian sources
to the radioxenon activity concentrations at IMS stations, knowledge on
the releases from civilian sources is required. However, such data are
often not available due to their commercial value. Furthermore, it is
not known which temporal resolution such emission data should have to
best model the radioxenon activity concentration.

Schöppner et al. (2013) used an atmospheric transport model and differ-
ent emission data sets with daily, weekly, monthly and yearly time res-
olution to model the 133Xe concentration at two IMS stations from the
medical isotope production facility Ansto near Sidney, Australia. They
found an improvement for the nearest IMS station (700 km from Ansto)
when using daily emission data. No clear improvement was observed for
the station at 3000 km from Ansto. Schöppner et al. (2014) found that
monthly emission data from the Institute for Radio-Elements in Fleurus
(Belgium) had no benefit over yearly emission data for an IMS station
in Schauinsland (Germany; the source-receptor distance was approx-
imately 380 km), suggesting that emission data with a higher temporal
resolution is necessary to better model the 133Xe concentration. Eslinger
et al. (2016) presented an intercomparison study of the modelled radi-
oxenon concentration for the same source and station, and found that
models using 15-min emission data had higher ranks than models using
longer release periods. However, models using 3-hourly release periods
had higher ranks than models using 1-hourly release periods. These
models differed not only by their release period, so that other effects,
such as the source of weather data, might have played a role.
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In this Chapter, we assess which temporal resolution is required for
civilian 133Xe emission data to model the 133Xe background in an op-
erational context. We consider different IMS station sampling periods
(12 h for the current SAUNA systems, 24 h for the current SPALAX sys-
tems and, anticipating the installation of improved noble gas detection
systems, 6 h). Furthermore, we also consider different source-receptor
distances.

The Chapter is structured as follows. Section 6.2 describes the meth-
odology used in this study. Section 6.3 presents the results: (i) the
temporal resolution requirements of emission data for operational atmo-
spheric transport and dispersion modelling is assessed; a discrimination
based on the source-receptor distance is made; (ii) the effect of the ra-
dioxenon sampling period (24 h, 12 h or 6 h) is also addressed; (iii)
the findings from the previous Sections are illustrated by using emission
data from the medical isotope production facility Institute for Radio-
Elements (IRE) with the highest available temporal resolution (emission
data are available every 15 minutes); (iv) the effect of the spatial resol-
ution of the Flexpart output is explored. A discussion and conclusions
are given in Section 6.4.

6.2 Methodology

6.2.1 Atmospheric transport and dispersion simulations

The Lagrangian particle dispersion model Flexpart was used for the
atmospheric transport and dispersion simulations (Stohl et al., 2005).
This model has been described in Section 3.2.

6.2.2 Experimental set-up

Flexpart was run with numerical weather data from the Integrated Fore-
casting System of the European Centre for Medium-Range Weather
Forecasts (ECMWF), which were extracted from ECMWF’s Meteor-
ological Archival and Retrieval System (MARS). Four analyses per day
at times 00, 06, 12 and 18 UTC were combined with forecasts at 3 h
lead time (00+03h, 06+03h, 12+3h and 18+03h), so that meteorological
data were available every three hours. Software available at the Flexpart
website (Flexpart, 2016) has been used for the extraction of the meteor-
ological data. The extracted meteorological data had 1◦ horizontal grid
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spacings and 137 non-uniform vertical levels.

We considered two IMS noble gas stations in the northern hemisphere:
station RN63 in Stockholm, Sweden, and station RN22 in Guangzhou,
China. The former station, located at 59.4◦ N, is hypothesised to be
representative for stations in the mid-latitudes, while the latter, loc-
ated at 23.1◦ N, is hypothesised to be representative for stations in the
tropics.

The atmospheric transport and dispersion simulations were run in back-
ward mode (Seibert and Frank, 2004), so that virtual 133Xe particles
were released from the two IMS stations considered in this study and
were dispersed over the domain backwards in time during a period of
thirty days. A total of 1,000,000 particles were released in every simu-
lation, evenly spaced in time over the interval of the measurement but
with no spatial perturbations. Simulations were started every six hours
for a winter period (15th of December 2015 until the 15th of March 2016,
further on called DJF (Dec - Jan - Feb); the first simulation finished on
the 15th of November 2015) and a summer period (16th of June until
the 15th of September, further on called JJA (Jun - Jul - Aug); the
first simulation finished on the 16th of May 2016) for both stations.
Each simulation consisted of a 6 h release, which represents a noble gas
station sampling time of 6 h. The result are so called source-receptor-
sensitivities (see Section 3.4.4 for more explanation), which were stored
every hour. Here, the source-receptor-sensitivities have units of time
and can be interpreted as a particle residence time (Seibert and Frank,
2004). By averaging the source-receptor-sensitivity fields from consec-
utive simulations, we can mimic an IMS station sampling time of 12 h
or 24 h without the need for additional simulations. Radioactive decay
was taken into account during runtime.

We assumed that both release and detection took place in the lowest
model layer of Flexpart, which was set from surface level to 100 m above
surface (note that during the simulations, the top of the atmospheric
transport model domain was the same as the top of the meteorological
model, which was 0.01 hPa). The horizontal dimensions of a grid box
were, as for the meteorological data, 1◦.
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6.2.3 Quantifying the source-receptor-sensitivity time fluc-
tuation

The source-receptor-sensitivity (SRS) matrix M relates an observation
vector y with a source vector x via the relation:

y = Mx (6.1)

Note that the source-receptor-sensitivity matrix M is also known as the
transfer coefficient matrix (see for instance Draxler and Rolph, 2012).

We consider the relevant radioxenon sources as grid box sources. Con-
sider the source-receptor-sensitivity relation between a time-dependent
grid box source x(xs, ys, zs; t) located in grid box (xs, ys, zs) and an IMS
station observation y(x0, y0, z0, tstart, tstop) taken at location (x0, y0, z0)
and between sampling times tstart and tstop; Eq. 6.1 can now be written
as a sum over the grid box sources (index s) and simulation output time
intervals (index t):

yi(x0, y0, z0, tstart, tstop) =
∑

s

∑

t

M(x0, y0, z0, tstart, tstop, xs, ys, zs; t)x(xs, ys, zs; t)
(6.2)

For ease of notation, we now write mt ≡ M(...; t). From Eq. 6.2, we see
that the temporal resolution of the source term x that allows to best
model an observation yi should at least equal the temporal resolution of
the source-receptor-sensitivity M . On the other hand, if the source term
x would have a higher temporal resolution, that would not add extra
information since the summation over time will average out the higher
temporal resolution. Indeed, assume that mt can be approximated by
its average m̄ during a certain (sufficiently small) time interval; in that
case, only the accumulated release

∑

t x(t) is “seen” by the model and
the details of the release of x(t) do not influence the model output:

∑

t

mt x(t) ≈ m̄
∑

t

x(t) (6.3)

Consider a time series of SRS values mt0 ,mt1 , ...,mtN . Our goal is to
assess how the SRS values change with time, in order to give recommend-
ations on which temporal resolution emission data should best have. For



86 Chapter 6. Intrinsic temporal resolution of ATM

that, we quantify how a value mt relates to mt+τ for a chosen time lag
τ : we calculate (i) the autocorrelation and (ii) the fraction mt/mt+τ for
different time lags τ (we take the inverse in case the fraction is smaller
than 1, since we are not interested in which of both values is largest).
This SRS fraction, when plotted on a logarithmic axis, can be seen as the
difference between the logarithm of the SRS values, which is motivated
by the fact that the SRS values span many orders of magnitude.

The autocorrelation for a certain time lag τ is defined as:

autocorrelation(τ) =
E[mt − m̄]E[mt+τ − m̄]

σ2
(6.4)

were mt is the SRS at time t, m̄ is the mean SRS value, E[...] is the
expectation value and σ the variance of the SRS. It measures the cor-
relation of the SRS value mt at time t with the SRS value mt+τ for a
certain time lag τ . It is expected that the autocorrelation is close to
one for small time lags, and goes to zero for larger time lags. When the
autocorrelation reaches zero for a certain time lag, there is no correlation
any more between the SRS values mt and mt+τ .

For the calculation of the SRS fraction mtk/mtl , we first apply an SRS
threshold to exclude small SRS values that would create large ratios.
Applying such a threshold is further justified by the fact that very small
SRS values have a negligible impact on the activity concentration at the
receptor. We use the longest series of consecutive SRS values above the
threshold for each Flexpart simulation.

The SRS threshold is set to 0.1 s, since SRS values below that threshold
hardly contribute to the observed concentration y in Eq. 6.2. Indeed,
an SRS of 0.1 s and a source of 1012 Bq/h (which is roughly equal to
the maximum release of 1013 Bq/day for civilian sources (Saey, 2009)),
results in a contribution to the activity concentration of 0.0014 mBq/m3

(for comparison, the minimum detectable concentration is of the order
of 0.1 mBq/m3; the volume of the grid boxes is not constant for the
lat-lon grid that has been used, therefore, the median value of the grid
box volume has been used).

6.2.4 Selection of fictitious sources

Flexpart outputs a three-dimensional source-receptor-sensitivity field at
every simulation hour. Three grid boxes in the lowest model level have
been selected at distances between 250-350 km, 950-1050 km and 5000-
6000 km for each of the four sets of simulations having a fixed IMS sta-



6.3. Results 87

tion and period (Fig. 6.1). These grid boxes represent fictitious sources.
The selection is based on the number of times that the SRS value ex-
ceeded the chosen threshold, to ensure that the selected points have the
best available statistics.

During the winter period, air masses near station RN63 were coming
from a large region (Fig. 6.1a). An important feature determining the
circulation towards station RN63 in winter is the Siberian high (see for
instance Panagiotopoulos et al., 2005), which creates a southeasterly
flow towards station RN63. The nearby fictitious sources are located
west and southeast from the station. The remote fictitious source is
located in Canada. During the summer period, a south-westerly flow
prevails and all three fictitious sources are situated south-west of the
station (Fig. 6.1b).

As for station RN63, station RN22 exhibits two circulation regimes de-
pending on the season. In winter, air masses near station RN22 are
coming from the north (Fig. 6.1c), while in summer, air masses are ori-
ginating from the southwest (Fig. 6.1d). These features correspond with
the East-Asian monsoon (see for instance Wu and Wang, 2002; Chang,
2004).

6.3 Results

6.3.1 Source-receptor-sensitivity temporal variation

As described in the previous Section, the temporal variation of the SRS
time series is assessed by taking the ratio of SRS pairs separated by a
certain time lag, and by calculating the SRS autocorrelation. In this Sec-
tion, a 24 h sampling period for the IMS noble gas stations is assumed,
which was obtained by averaging the output of four consecutive Flexpart
simulations (the effect of shorter sampling periods will be discussed in
the next Section). Results are shown for three different source-receptor
distances of approximately 300 km, 1000 km and 5000 km (the selection
of these sources was described in the previous Section).

SRS fractions

Fig. 6.2 shows the SRS fractions for the two IMS stations (RN63 and
RN22) and periods (DJF, JJA) considered in this study. Three features
can be seen: (i) not surprisingly, the SRS fraction grows for larger time
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Figure 6.1: Selection of fictitious grid box sources based on the number of
times that the source-receptor-sensitivity in a certain grid box exceeded
a chosen threshold of 0.1 s. From top to bottom: (a) station RN63,
winter; (b) station RN63, summer; (c) station RN22, winter; (d) station
RN22, summer. For all four sets of simulations, three fictitious sources
have been selected (filled circle) within distances of 250-350 km, 950-
1050 km and 5000-6000 km from the IMS station (white star).

lags in a roughly asymptotic way. There is a steep increase in SRS frac-
tions during the first 6 hours, and afterwards a slow increase or even
no increase. (ii) The SRS fractions do not show a consistent regional
(RN22 versus RN63) or seasonal dependency (DJF versus JJA). There
is quite some spread between different IMS stations and periods, espe-
cially for the 0.95 quantile of the SRS fraction, but these differences
are not consistent among the different source-receptor distances. (iii)
The source-receptor distance has a clear impact on the SRS fractions:
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smaller fractions are found for larger source-receptor distances.

For the smallest source-receptor distance (Fig. 6.2a), the median SRS
fractions steadily grow to a value between 3 and 4 for a time lag of 24 h.
The 0.95 quantile of the SRS fraction quickly becomes very large, with
values ranging between 10 and 50 for a time lag of only 6 h. At a time
lag of 24 h, the values range between 20 and 100. For the intermediate
source-receptor distance (Fig. 6.2b), the median SRS fractions reach a
value around 2 at a time lag of 24 h. The 0.95 quantile ranges between
5 and 10 at a 6 h time lag, and between 10 and 20 at a 24 h time
lag. For the largest source-receptor distance (Fig. 6.2c), the median
SRS fractions are only slightly lower than those at intermediate source-
receptor distance. The 0.95 quantile is significantly smaller and does
not exceed a value of 5.

We conclude that for atmospheric transport and dispersion problems on
the synoptic scale (having spatial scales of 1000 km and more; Fig. 6.2b,c),
SRS values above the chosen threshold generally do not vary much within
24 h. Therefore, daily emission data are sufficient for these cases. For
smaller source-receptor distances, the 0.95 quantile of the SRS fractions
reach 50 after only a few hours and 100 after 24 h. For these cases,
related to specific atmospheric conditions that can be identified by the
atmospheric transport model, emission data with a higher temporal res-
olution are required.

SRS autocorrelations

The autocorrelation for each IMS station, each period and each source-
receptor distance is shown in Fig. 6.3. No SRS threshold has been ap-
plied here. Three features found in the SRS fractions (Fig. 6.2) are also
found here: (i) the autocorrelation decreases with increasing time lag,
(ii) the choice of IMS station or season does not consistently affect the
autocorrelation and (iii) the autocorrelation is bigger for larger source-
receptor distances.

For the smallest source-receptor distance (Fig. 6.3a), the median SRS
autocorrelations is between 0.4 and 0.6 for a 12 h time lag. At a time
lag of 24 h, there is almost no autocorrelation. The 0.05 quantile of the
autocorrelation is roughly 0 after a time lag of 6 h. For the interme-
diate source-receptor distance (Fig. 6.3b), the SRS autocorrelations are
significantly higher than for the smallest source-receptor distance, with
a median value up to 0.5 for a 24 h time lag, except for the experiment
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(b)

(c)

Figure 6.2: Median (solid lines) and 0.95 quantile (dashed lines) of the
fractions of source-receptor-sensitivity pairs separated by a certain time
lag for a source-receptor distance of approx. (a) 300 km, (b) 1000 km
and (c) 5000 km. The larger SRS value is always divided by the smaller,
so that no values are smaller than 1. Results are given for the two IMS
stations and the two periods considered in this study.

RN63 JJA. Although some autocorrelation is present at a time lag of
12 h for the 0.05 quantile, there is no correlation at a time lag of 24 h.
For the largest source-receptor distance (Fig. 6.3c), the SRS autocorrel-
ations are even slightly higher, with median values around 0.6 and the
0.05 quantile between 0.1 and 0.3 for a 24 h time lag.

Similar to the discussion on the SRS fractions above, we find that for
synoptic scale atmospheric transport and dispersion problems (having
source-receptor distances of 1000 km and more), the autocorrelation is
generally around 0.5 or more, so that daily emission data is sufficient
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Figure 6.3: Median (solid lines) and 0.05 quantile (dashed lines) of the
source-receptor-sensitivity autocorrelation as a function of the time lag
for a source-receptor distance of approx. (a) 300 km, (b) 1000 km and
(c) 5000 km. Results are given for the two IMS stations and the two
periods considered in this study.

to model the 133Xe background. However, as above, the 0.05 quantile
shows that for certain cases (related to the atmospheric conditions), the
autocorrelation drops to zero, suggesting that emission data on shorter
time intervals are needed. This is particularly true for short source-
receptor distances.
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6.3.2 Effect of the sampling period on the SRS temporal
variation

In this Section, we assess the effect of the sampling period of the IMS
noble gas detection systems on the temporal resolution of the SRS time
series. For that, we consider sampling times of 24 h, 12 h and - anti-
cipating the use of improved detection systems - 6 h. In the Flexpart
simulations in backward mode, this corresponds to a release of particles
at the receptor with a duration of 24 h, 12 h and 6 h.

Fig. 6.4 shows the SRS fraction as a function of time lag for different
sampling times and source-receptor distances. The results from stations
RN22, RN63 and periods DJF and JJA have been combined by taking
the median of these four experiments, in order to avoid overburdening
the plots with information.

For the smallest source-receptor distance (Fig. 6.4a), the median SRS
fractions show a slight dependency on sampling period, with slightly
larger fractions for shorter sampling times. The effect of the sampling
time on the 0.95 quantile of the SRS fraction is, a priori surprisingly,
dependent on the time lag. There is a strong effect between time lags
4 h and 11 h: the simulations with 6 h sampling time have an almost five
times larger SRS fraction than the simulations with 24 h sampling time.
The reason for this apparent dependency on the time lag is probably
that for 6 h sampling time, the SRS fraction reaches its maximum value
faster and is thus more quickly saturated. This effect disappears when
the runs with 12 h and 24 h sampling time also reach their maximum
value (around time lags 14 h and 20 h).

For the intermediate source-receptor distance (Fig. 6.4b), again slightly
larger SRS fractions are found for smaller sampling times, both for the
median and 0.95 quantile. Similar to the case with the smallest source-
receptor distance, the 0.95 SRS fraction quantile shows an apparent
dependency on the time lag, which can again be explained by a different
time lag for reaching the saturation SRS fraction, but here the differences
are not larger than a factor of three. For a 24 h sampling period, the 0.95
quantile remains roughly a factor of two lower for times lags between
18 and 24 h, while the fractions for a sampling period of 12 h and 6 h
converge.

For the largest source-receptor distance (Fig. 6.4c), the effect of the
sampling time seems negligible on the median SRS fractions. The 0.95
quantile slightly increases for shorter sampling times.
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Figure 6.4: Median (solid lines) and 0.95 quantile (dashed lines) of the
fractions of source-receptor-sensitivity pairs separated by a certain time
lag for a source-receptor distance of approx. (a) 300 km, (b) 1000 km
and (c) 5000 km. The larger SRS value is always divided by the smaller,
so that no values are smaller than 1. Results are given for a sampling
time of 6 h, 12 h and 24 h.

Fig. 6.5 shows the SRS autocorrelation as a function of time lag for
different sampling times and source-receptor distances. As above, the
results from stations RN22, RN63 and periods DJF and JJA have been
combined by taking the median of these four experiments. For all source-
receptor distances, the autocorrelation is larger for longer sampling times.
The only exception is the 0.05 quantile of the autocorrelation for the
smallest source-receptor distance: all three runs become quickly uncor-
related.

The results from this Section suggest that, from the viewpoint of atmo-
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Figure 6.5: Median (solid lines) and 0.05 quantile (dashed lines) of the
source-receptor-sensitivity autocorrelation as a function of the time lag
for a source-receptor distance of approx. (a) 300 km, (b) 1000 km and
(c) 5000 km. Results are given for a sampling time of 6 h, 12 h and 24 h.

spheric transport modelling, the added value of having more observa-
tions due to shorter sampling times is accompanied by the disadvantage
that somewhat larger errors can occur while trying to predict the 133Xe
background from civilian sources when detailed emission data are not
known.

6.3.3 Example using real stack monitoring data

We now illustrate the findings from the previous Sections with Flex-
part results using detailed emission data from the Institute for Radio-
Elements (IRE) located in Fleurus, Belgium. The emission data have
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the highest available temporal resolution of 15 minutes for a full year,
2014. 133Xe releases can vary by many orders of magnitude during only
a few hours, while remaining fairly constant during the rest of the day
(see for instance Fig. 4.2). A description of the stack monitoring system
at IRE can be found in Deconninck and De Lellis (2013).

A new set of Flexpart runs have been performed in forward mode. Each
individual simulation covered the year 2014 (this year has been chosen
due to the availability of IRE emission data). The simulations differed
by their emission data: a control simulation used the 15 minutes 133Xe
emission data, while the other simulations used time-averaged emissions,
yielding 3-hourly, daily or constant 133Xe releases. Since we are inter-
ested in the error resulting from the temporal resolution of the emission
data, the control simulation, using emission data with the highest avail-
able temporal resolution, can be seen as the “truth”. In the paragraphs
below, “error” thus refers to the difference between the simulation with
time-averaged emission data and the control simulation with the most
accurate emission data. The Flexpart model setup and the driving met-
eorological data are the same as described in Section 6.2, except for
the differences outlined above. The Flexpart output for January 2014
has been omitted in the analyses, to ensure spin-up over the full do-
main.

As an example, the absolute error (AE) of the activity concentration for
different emission data is shown in Fig. 6.6, for a single day assuming a
24 h sampling period (that is, the activity concentrations were simply
averaged during 24 h). The absolute error of a quantity x is defined
as the absolute difference between its true value xtrue and its simulated
value xsim:

AE = |xtrue − xsim| (6.5)

In Fig. 6.6, it can be seen that the absolute error consists of a few
spots which are strongly confined in space and time. These spots cor-
respond to short peak releases at IRE and are transported and diluted
with time. As such plumes move further, the activity concentration
decreases due to decay and atmospheric dispersion. The correspond-
ing error consequently also decreases with time. From Fig. 6.6, it is
clear that the absolute error decreases when using better time-resolved
emission data.

We are now interested in the mean absolute error resulting from poorly
time-resolved emission data for the period February-December 2014 (Fig. 6.7a-
c). A key feature, in agreement with the conclusions from Section 6.3.1,
is that the error originating from emission data with coarse temporal
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(c)(a) (b)

Figure 6.6: Absolute error of the activity concentration (mBq/m3) for 1
February 2014 with a 24 h sampling period for different emission data:
(a) constant release (mean release for 2014), (b) constant release (mean
release for 1 February 2014) and (c) 3-hourly release.

resolution is negligible in a large part of the domain, except nearby the
source. This is not surprising since the errors are confined in space and
time (Fig. 6.6), and furthermore decrease due to decay, dilution and the
smoothing of the SRS dependency with time. The latter is further illus-
trated by the mean relative error (RE) for the period February-December
2014 (Fig. 6.7d-f). For that, only data pairs where the control simulation
had activity concentrations above 0.1 mBq/m3 (roughly the minimum
detectable concentration) were used in order to avoid very large relative
errors from the division of very small numbers:

RE =
|xtrue − xsim|

xtrue
for xtrue > 0.1 mBq/m3 (6.6)

We conclude that generally a constant emission could be sufficient for
atmospheric transport and dispersion modelling problems on the synop-
tic scale. In order to reduce the error close to the source, time-resolved
emission data are needed (Fig. 6.7). Similar plots like Fig. 6.7 have been
generated for the smaller sampling periods 12 h and 6 h, but there was
hardly any noticeable effect (not shown).

Although the mean absolute error shows that on average time-resolved
emission data are only relevant nearby the source (Fig. 6.7), it should
also be investigated what the maximum absolute error can be at a cer-
tain location, as suggested by the 0.95 quantile in Fig 6.2 and the 0.05
quantile in Fig. 6.3. For that purpose, the maximum absolute error is
plotted in Fig. 6.8. It can be seen that a significant part of the northern
hemisphere can have errors large enough to affect the IMS noble gas sta-
tions. The use of time-resolved emission data decreases the maximum
absolute error. The effect of reducing the sampling time from 24 h to
6 h is also shown in Fig. 6.8: a smaller sampling time (Fig. 6.8b, d, f)
increases the error originating from poorly time-resolved emission data.
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Figure 6.7: Top row: mean absolute error of the activity concentration
(mBq/m3) assuming 24 h sampling for different emission data: (a) con-
stant release, (b) daily release and (c) 3h release. Bottom row: mean
relative error of the activity concentration assuming 24 h sampling for
different emission data: (d) constant release, (e) daily release and (f) 3h
release. Note that the domains are slightly different for top and bottom
rows.

With 6 h sampling and daily resolved emission data (Fig. 6.8d), the
maximum absolute error is larger than the maximum absolute error for
a constant release with 24 h sampling time (Fig. 6.8a).

(a) (b)

(c) (d)

(e) (f)

Figure 6.8: Maximum absolute error of the activity concentration
(mBq/m3) at each grid box for different emission data and sampling
times; (a) yearly release, 24 h sampling; (b) yearly release, 6 h sampling;
(c) daily release, 24 h sampling; (d) daily release, 6 h sampling; (e) 3-
hourly release, 24 h sampling and (f) 3-hourly release, 6 h sampling.
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6.3.4 Effect of horizontal resolution

The backward Flexpart simulations for station RN63, period DJF, have
been repeated on a smaller domain with horizontal grid spacings of 0.25◦

instead of 1◦. The meteorological data was as described in Section 6.2,
but with horizontal grid spacings of 0.25◦. The aim is to check whether
our conclusions made above for the source-receptor distances of approx-
imately 300 km are still valid at higher spatial resolutions. The sim-
ulation length has been reduced to 14 days, which is sufficient for the
smaller domain. For consistency, the simulation length of the runs with
1◦ horizontal grid spacings have been reduced to 14 days in this analysis.
The same fictitious sources shown in Fig 6.1a have been used, since the
air masses have roughly identical origins. For the experiments at 0.25◦

grid spacings, the SRS threshold has been decreased by a factor of 16,
since the grid box volume is lower by the same factor.

Fig. 6.9a shows the SRS fractions for the source-receptor distance of
300 km for the simulations with 1◦ and 0.25◦ horizontal grid spacings.
The median SRS fractions are almost identical. The 0.95 quantile for
the simulation at 0.25◦ grid spacings is twice as large for the shorter
time lags, but is slightly smaller at later time lags. The former is likely
due to the fact that, at higher spatial resolution, small-scale atmospheric
features are better resolved, which typically occur on short time scales.
As a further check, we have included results for the station at approx.
1000 km (Fig. 6.9b). The SRS fractions are very similar for both sets of
simulations.

The new simulations were run with the same number of particles as for
the previous simulations (instead of increasing the number of particles,
the domain and simulation length have been decreased), so that the
average number of particles per grid box is different. SRS values below
the SRS threshold are therefore better resolved in the simulations with 1◦

grid spacings, so that a comparison of the autocorrelation is not possible
(this is not an issue for the SRS fraction since there, a threshold is first
applied).

Finally, we test our findings with real stack emission data from IRE as in
Section 6.3.3. We have repeated the forward Flexpart simulations with
0.25◦ horizontal grid spacings on a smaller domain for the period Jan-
Mar 2014 (we have not repeated the simulations for a full year due to
the computational costs). The mean absolute error is shown in Fig. 6.10.
The results are similar to those shown in Fig. 6.7 (top), though the errors
are less smoothed since the simulations covered a shorter period.
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(a)

(b)

Figure 6.9: Median (solid lines) and 0.95 quantile (dashed lines) of the
fractions of source-receptor-sensitivity pairs separated by a certain time
lag for a source-receptor distance of approx. (a) 300 km and (b) 1000 km.
The larger SRS value is always divided by the smaller, so that no values
are smaller than 1. Results are given for simulations at 1◦ and 0.25◦

horizontal grid spacings.

(a) (b) (c)
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Figure 6.10: Mean absolute error of the activity concentration
(mBq/m3) assuming 24 h sampling for different emission data: (a) con-
stant release for 2014, (b) daily release and (c) 3h release.

6.4 Discussion and conclusions

Radioxenon (131mXe, 133mXe, 133Xe and 133Xe) emissions from civil-
ian sources deteriorate the capability of the International Monitoring
System to verify compliance with the Comprehensive Nuclear-Test-Ban
Treaty. Therefore, understanding the radioxenon background is import-
ant and has been addressed in several studies. At IMS noble gas sta-
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tions, the radioxenon background can vary significantly from day to
day, so that explicitly modelling the contribution from civilian sources
might be necessary to discriminate the signatures of civilian sources from
those of nuclear explosions. However, this is a challenging task since it
involves many uncertainties and requires significant computational re-
sources. Furthermore, stack emission data from the civilian sources are
currently not available for simulating the daily radioxenon background
in an operational context, at least partly because of the commercial value
of such data. However, awareness is being created on the impact on the
noble gas component of the verification regime of the Comprehensive
Nuclear-Test-Ban Treaty and emission data could become available in
the future for explicitly modelling the daily radioxenon background in
an operational context.

In this Chapter, we have assessed which temporal resolution emission
data should ideally have in order to better simulate the civilian back-
ground in an operational context. For that, we have run the Lagrangian
particle dispersion model Flexpart in backward mode and have assessed
the temporal variation of the source-receptor-sensitivities (SRS) for fixed
locations at distances of approximately 300, 1000 and 5000 km. This
methodology has the advantage that it is independent of the emission
data but instead focusses on how well the atmospheric transport model
itself can “digest ” the time-dependency of the emission data.

It was found that significant SRS values generally do not vary much
within 24 h, especially for source-receptor distances of 1000 km and
more, corresponding to atmospheric transport and dispersion problems
on the synoptic scale (Fig. 6.2). However, for specific meteorological
conditions, the SRS values can change significantly within only a few
hours. This shows that daily emission data should be sufficient for most
cases, although sometimes emission data with a higher temporal resol-
ution are necessary. These cases can be identified by the atmospheric
transport and dispersion model. For source-receptor distances of a few
hundred kilometres, the SRS values can vary two orders of magnitude
within 24 h. Time-resolved emission data are thus important when the
source-receptor distance is less than a few hundred kilometres. Similar
conclusions were found based on the SRS autocorrelation (Fig. 6.3) and
with simulations at smaller horizontal grid spacings (Fig. 6.9).

There are more nuclear power plants than medical isotope production
facilities, and thus, more nuclear power plants are close to an IMS sta-
tion. These nuclear power plants typically emit far less radioxenon than
the medical isotope production facilities, so that they do not affect the
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IMS noble gas stations as much. However, for short source-receptor dis-
tances, the need to have time-resolved emission data might be important
for nuclear power plants. This could be assessed further with simulations
at higher spatial resolutions and by varying the SRS threshold.

Shorter sampling periods have the potential to allow a better source
reconstruction as it results in more data available for the inverse atmo-
spheric transport modelling. However, at the same time, it increases
the need for time-resolved emission data, since shorter sampling periods
lead to an increase in the SRS variability (Fig. 6.4) and a decrease in
the SRS autocorrelation (Fig. 6.5).

The above findings have been illustrated by using emission data from the
Institute for Radio-Elements for the year 2014. The mean absolute error
originating from poorly time-resolved emission data is negligible at large
source-receptor distances, but significant close to the source (Fig. 6.7).
This is in agreement with Schöppner et al. (2013), who found that daily
emission data improved results over emission data with coarser temporal
resolution for an IMS station at 700 km from the source, but had no
impact for an IMS station at 3000 km from the source. In order to reduce
the mean absolute error nearby the source, time-resolved emission data
are required. In specific meteorological conditions, the error from poorly
time-resolved emission data can be significant over a large part of the
Northern Hemisphere (Fig. 6.8). A smaller sampling time increases the
maximum error that can originate from poorly time-resolved emission
data (Fig. 6.8).

From the findings above, time-resolved emission data are generally not
needed to simulate the day-to-day 133Xe background at IMS stations.
However: (i) for sources within a few hundred kilometres from an IMS
station, time-resolved emission data is desirable and (ii) in case of spe-
cific meteorological conditions, a significant event or a significant mis-
match between simulation and observation, it is desirable to have avail-
able emission data with the highest temporal resolution. In practice, the
required temporal resolution should be chosen by considering Fig. 6.2
and Fig. 6.3, but also by considering which error coming from emission
data is thought to be acceptable, and (if possible) by considering the
temporal variability of the emission data.

Simulations with horizontal grid spacings of 0.25◦ suggest that the find-
ings above are also valid at higher resolutions (Fig. 6.9 and 6.10).

Only simulations for 133Xe have been presented, but conclusions are
likely similar for 131mXe and 133mXe. For 135Xe, a larger error could
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occur from averaged emission data due to the shorter half-life, since one
cannot differentiate between a strong release at the beginning of the
release period or a weak release at the end of the release period.

Lastly, the results are also relevant for inverse modelling, as they show
that models are generally not able to resolve sharp temporal variations in
the release term for long-range transport and dispersion problems.
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Inverse modelling
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Chapter 7

Long-range ATM
assessment of the 4th
DPRK nuclear test

The findings presented in this Chapter have been published in: P. De
Meutter, J. Camps, A. Delcloo and P. Termonia: Assessment of the an-
nounced North Korean nuclear test using long-range atmospheric trans-
port and dispersion modelling. Sci. Rep., 7(1), 8762, 2017.

7.1 Introduction

On 6 January 2016, the Democratic People’s Republic of Korea (DPRK)
announced to have conducted its fourth nuclear test. Seismic signals
picked up by the International Monitoring System (IMS) have shown
that a man-made explosion occurred around 1:30 UTC at the Punggye-
ri nuclear test site in the DPRK (CTBTO, 2017b). Since the explosion
took place underground, it is not sure if and what amount of radioactiv-
ity had been released to the atmosphere - assuming the explosion was
nuclear. Six weeks later, elevated 133Xe concentrations were measured at
the IMS noble gas station RN38 (Takasaki, Japan). Besides RN38, two
other nearby certified IMS stations (RN45, Ulaanbaatar, Mongolia and
RN77, Wake Island, United States of America) were operational during
that period. The locations of these IMS stations and the Punggye-ri
nuclear test site in the DPRK are shown in Fig. 7.1.

Elevated 133Xe concentrations have been measured previously at RN38,
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when no nuclear tests were known to have been conducted. In 2015, six
events occurred where 133Xe concentrations exceeded 1 mBq/m3 (for
comparison: in 2015, the median activity concentration at RN38 was
0.151 mBq/m3 and the 95% quantile was 0.547 mBq/m3), but none of
these could be linked to the DPRK.

In this Chapter, atmospheric transport modelling is used to test whether
the measured radioactive xenon is compatible with a delayed release from
the Punggye-ri nuclear test site. An uncertainty quantification on the
modelling results is given by using the ensemble method.

This Chapter is structured as follows: in Section 7.2, the data, meth-
ods and models used in this research are briefly described. Section 7.3
reports on (i) the validation of the inverse modelling method employed
here, (ii) the possible source regions obtained from the inverse model-
ling for the selected IMS (non)-detections in February 2016, (iii) the
quantification of the associated uncertainty, (iv) the release profile as-
suming a delayed release from the Punggye-ri nuclear test site and (v)
the absence of 131mXe detections. The Chapter ends with a discussion
in Section 7.4.

RN77 

RN38 

RN45 Punggye-ri 

Nuclear Test 

Site 

China 

Russia 

Mongolia 

Japan 

North Korea 

South Korea 

Figure 7.1: Location of the IMS stations and the Punggye-ri nuclear test
site (bullets; text in bold), and the names of the nearby countries (in
italic).
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7.2 Methods

7.2.1 Data and models

As in previous Chapters, the Lagrangian particle model Flexpart has
been used, driven by meteorological data from ECMWF. A full descrip-
tion of Flexpart can be found in (Stohl et al., 2005), and an overview
was given in Section 3.2. Flexpart requires numerical weather predic-
tion data as input, which have been extracted from the MARS server of
ECMWF using the extraction software available at the Flexpart web-
site (Flexpart, 2016). We have used the Ensemble of Data Assimila-
tions of ECMWF, which was introduced in Section 3.3.3. Every 3 h of
the simulation period, data encompassing the northern hemisphere with
0.5◦ horizontal grid spacings and 137 non-uniformly spaced vertical σ-
levels were available. The vertical levels follow the Earth’s surface in
the lower-most troposphere, but gradually follow surfaces of constant
pressure aloft. The top level was located at 0.01 hPa. For each of the
25 perturbed EDA members, the perturbations relative to the ensemble
mean have been calculated. These perturbations were then added and
subtracted from the unperturbed member, so that a total of 50 per-
turbed ensemble members were obtained.

The Flexpart simulations were performed in backward mode (Seibert
and Frank, 2004). For each observation, 51 Flexpart simulations were
run using the 51 ensemble members. The spread between the ensemble
members contains information about the uncertainty of the simulation.

The inverse atmospheric transport modelling should make use of as much
as possible observations to decrease network ambiguity (Issartel and
Baverel, 2003). However, worldwide, several civilian sources leave their
mark on the IMS noble gas network (Wotawa et al., 2010; Achim et al.,
2016), so that adding observations outside the region of interest or out-
side the period of interest could lead to less accurate results. With
these considerations in mind, 50 observations have been selected from
three certified IMS noble gas stations (RN38, RN45 and RN77; Fig. 7.1)
taken approximately between 12 February and 22 February 2016. At sta-
tion RN45, radioxenon activity concentration is measured during a 24-h
period using the Spalax system (Fontaine et al., 2004; Topin et al., 2015).
Stations RN38 and RN77 are equipped with the Sauna system (Ringbom
et al., 2003) and measure radioxenon activity concentration twice a day
during a 12 h period. Non-detections were set to 0 mBq/m3 although
the true value is expected to range between 0 mBq/m3 and the minimum
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detectable concentration, which is of the order of 0.1 mBq/m3.

7.2.2 Inverse modelling

Inverse atmospheric transport modelling plays an important role in de-
termining source locations and emissions: it involves finding a source
term Q(x, y, z, t) that can best explain the observed concentrations
conc(x0, y0, z0, tstart, tstop) measured at (x0, y0, z0) between times tstart
and tstop. More information and references on inverse modelling can be
found in Section 3.5. Below, the specific procedure for inverse modelling
that was used here, is described.

The relevant radioxenon sources (nuclear power plants, medical isotope
production facilities and, potentially for this case, releases from a nuclear
test site) can be considered as point sources for long-range atmospheric
transport problems. It is well known that the concentrations in any
geotemporal point are, most of the time, dominated by a single source
lying upstream on the trajectory of the atmospheric transport. Further-
more, the Punggye-ri test site is remote from known civilian sources, so
that its plume can remain relatively distinct (Werth and Buckley, 2017).
As a consequence, we assumed that the elevated radioxenon observations
were originating from a single grid box source. Both the release and de-
tections were assumed to take place in the lowest model layer of Flexpart,
extending from the surface to 100 m above ground. For every grid box
(x′, y′, z′) in the lowest model layer, inverse modelling was applied using
a source term Q(x, y, z, t) = Q(t) ·δ(x−x′, y−y′, z−z′) with δ the Dirac
delta function.

An optimal source can be found by comparing the corresponding con-
centrations with the observed concentrations. To quantify the deviation
between the measured concentrations and the simulated concentrations
using a source term Q(x, y, z, t), a quadratic cost function is used:

cost function =
∑

samples

(ACobs −ACsim)2 (7.1)

where ACobs and ACsim are the observed and simulated activity con-
centration. Here, a squared cost function has the advantage that high
activity concentrations have more weight on the inverse modelling than
lower concentrations. This is desirable since we are interested in the
source location of the elevated 133Xe observed in RN38. Lower activity
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concentrations might come from other sources and can thus contaminate
the inverse modelling.

The minimisation of Eq. 7.1 with respect to the emissions temporal
profile is performed using nlminb, a quasi-Newton method from the R
Statistical Software (R Core Team, 2015). In Flexpart, the concentra-
tions scale linearly with the source, so there is no need to call Flexpart
at every iteration of the minimization. This makes the inverse modelling
procedure very efficient.

The source term is bounded between a minimum and maximum value
Qmin and Qmax, the latter to prevent unrealistically high source terms.
The minimum release Qmin is equivalent to Qmin = 0 Bq/h for long-
range atmospheric transport due to the large dilution factors in the
atmosphere and the noble gas station minimum detectable concentra-
tion. At the same time, Qmin also highlights the fact that we use long-
range atmospheric transport modelling to search for remote possible
sources, and that we exclude the possibility that nearby weak radiox-
enon sources were responsible for the detected radioxenon signature at
station RN38.

The transport between the Punggye-ri test site and the IMS stations
(Fig. 7.1) takes place at the synoptic scale. The time resolution of Q(t)
has been limited by averaging the SRS fields to a period of roughly 2
days. This is sufficient to resolve the synoptic-scale signal, and ensures
that we have an overdetermined problem. This procedure is also motiv-
ated by the findings in Chapter 6.

7.2.3 Uncertainty visualisation

One of the challenges of inverse modelling consists of quantifying uncer-
tainty. An uncertainty quantification on the assessment of the signals
of a possible nuclear explosion is highly desired, not only as a “good
science” practice, but also for policy makers.

To allow uncertainty visualisation of the cost function maps (as shown in
Fig. 7.5), a cost function threshold has been defined using Eq. 7.2 with an
absolute error β = 0.2 mBq/m3 (roughly corresponding to the minimum
detectable concentration, important in case nothing is detected). The
relative error α is chosen empirically to be 20%, since this confines the
area of possible sources without being too strict.
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threshold =
∑

samples

(α ·ACobs + β)2 (7.2)

7.3 Results

7.3.1 Validation with fictitious sources

The inverse modelling method described in Section 7.2.2 has been valid-
ated by reconstructing three fictitious release profiles from the Punggye-
ri nuclear test site in mid-February 2016. For this, only results from the
unperturbed weather data have been used. First, a fictitious release
profile was defined. Next, perfect pseudo-observations were constructed
with Flexpart in forward mode. Since Flexpart is to a good approx-
imation self-adjoint (Seibert and Frank, 2004), the SRS fields obtained
by running Flexpart in backward mode used for the inverse modelling
can also be considered as perfect. The concentrations at receptor sta-
tions were averaged over 12 h and 24 h time periods corresponding to
the collection period of the IMS stations (Ringbom et al., 2003; Fon-
taine et al., 2004), and rounded to 0.1 mBq/m3 (roughly the absolute
uncertainty on the measured 133Xe concentrations). This implies a loss
of information, and therefore, despite the use of perfect SRS fields and
quasi-perfect observations, no exact match can be expected between the
reconstructed fictitious source and the true fictitious source. In total,
50 pseudo-observations have been constructed for the stations RN38,
RN45 and RN77 (similar as in the inverse modelling with real observa-
tions, which is described further in Section 7.3.2).

For each fictitious source, we have assessed whether (i) the Punggye-ri
nuclear test site is a possible source and (ii) given the correct source loc-
ation, the true source term can be reconstructed. For the optimisation,
we have used the bounds Qmin = 5 ·109 Bq/h and Qmax = 5 ·1012 Bq/h.
For each fictitious source, three different source terms have been cal-
culated: (i) a time independent source term (1 unknown), (ii) a time
dependent source term with intervals of roughly two days (5 unknowns)
and (iii) a time dependent source term with intervals of roughly one day
(10 unknowns). Results are shown in Figs. 7.2, 7.3 and 7.4. Note that,
besides the loss of information from averaging the concentration over
12 h and 24 h periods, the time resolution of the true source and the
reconstructed source differ, so that no exact match can be found for the
second and third fictitious source.
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The first fictitious source is a continuous 133Xe release of 1011 Bq/h. We
have applied the inverse modelling method assuming a time-independent
source term (Fig. 7.2) and find a quasi-exact match between the mod-
elled and prescribed source term. When the number of unknowns is
increased by allowing the source term to vary with time, the source
found by the inverse modelling deviates from the true source1. Note,
however, that the square root of the cost function values - which can be
interpreted as the RMSE between the simulated and observed activity
concentrations - decreases only slightly compared to the constant release
assumption (Fig. 7.2c,e). The grid boxes with the lowest RMSE explain
best the observations. We see a narrow area roughly northwest of the
IMS station RN38 where the RMSE is low. Very low values are found
in the region around the Punggye-ri nuclear test site, and it is clearly
a possible source. When introducing more time dependency in the cal-
culated source, other regions become possible sources as can be seen by
the low RMSE. This ambiguity, that is, the fact that multiple grid boxes
have low RMSE for the given measurements, can be attributed to the
geotemporal resolution of the IMS noble gas network (that is, the time
sampling frequencies and the number of IMS noble gas stations).

The second fictitious 133Xe source varies with time and its release changes
step-wise with a maximum halfway through the release period. This
time-dependent source cannot be captured well when assuming a con-
tinuous source (Fig. 7.3). As a consequence, the Punggye-ri nuclear test
site does not show up as a possible source as can be seen from the large
RMSE. However, it is worth noting that areas further upwind do show
up as possible sources. When the source obtained from the inverse mod-
elling method is allowed to vary with time, a quite good agreement is
obtained between the release profiles. At the same time, the Punggye-ri
nuclear test site is now a possible source. This case highlights the im-
portance of time dependency when reconstructing a time varying source,
both for the source term as for the source location determination.

The third fictitious source is a short 133Xe release of 1011 Bq/h. A
constant release is not suited to match the true source term, and as a
result the true source location has a large RMSE (Fig. 7.4). Allowing
the source to vary with time results in a good fit with the true source.
The Punggye-ri nuclear test site is now shown as a possible source,

1There is a significant drop in the release profile at the end of the time period,
which is due to the fact that the SRS values of the samples were zero for that time
(see Fig. 7.7a), so that the observations were not able to bound the release term for
that period. The release period was not adjusted for that since other grid boxes will
have other optimal periods.
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Table 7.1: Minimum grid box cost function value of the full grid, cost
function value at the Punggye-ri nuclear test site and distance between
both. The last row shows the quantile of the Punggye-ri cost function
compared to all grid boxes in the Eurasia domain (9211 grid points).
Values are given for the three fictitious sources and different time resol-
utions of the source term Q(t).

test 1 test 2 test 3

# Q(t) intervals 1 5 10 1 5 10 1 5 10
min cost 0.212 0.067 0.029 19.49 3.70 0.69 0.131 0.011 0.001

Punggye-ri cost 0.940 0.340 0.184 196.4 24.6 20.9 2.307 0.120 0.104
distance (km) 309 307 307 1110 299 299 1735 299 1760

Punggye-ri quantile 0.999 0.999 0.999 0.909 0.991 0.990 0.982 0.997 0.994

although a large area northwest of the DPRK has also a very low RMSE.
This ambiguity, resulting from limitations in the network’s geotemporal
resolution, is most pronounced for this fictitious source. This is likely
due to the shortness of the release period, so that a smaller signal could
be captured by the IMS stations.

For the three cases considered, this method is able to identify a possible
source region around the true source if the reconstructed source term is
allowed to vary with time. For a known source location, this method
allows to successfully reproduce the source term, although with limited
temporal resolution to avoid a noisy solution. A quantitative evaluation
of the inverse modelling for the different fictitious sources is given in
Table 7.1. It is concluded that five intervals of roughly two days in the
reconstructed source give good results since it provides sufficient time
resolution, without making the reconstructed releases noisy. The inverse
problem is more complex with real data since (i) SRS fields contain errors
and (ii) observations are contaminated by the radioxenon background
from civilian sources.

7.3.2 Possible source regions

In this Section, we describe the inverse modelling results using the real
IMS observations. The selection of the IMS observations used here was
described in Section 7.2.1. We have run a set of Flexpart simulations
in backward mode for each observation. This was repeated for each
of the 51 members of the meteorological ensemble based on the EDA
system of ECMWF. For each of the 51 sets of Flexpart simulations, we
have performed inverse modelling and have obtained 51 best sources and
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Figure 7.2: (a, c, e) Map showing for each grid box how well a grid box
source can explain the observed 133Xe concentrations considered in the
simulations (lower values denote a better match). The numbers in the
legend are the square root of the cost function (Eq. 7.1) and can thus
be seen as a RMSE (mBq/m3). (b, d, f) Modelled (solid black line) and
true (dashed blue line) fictitious 133Xe source term at the Punggye-ri
nuclear test site. Results are shown for three different time resolutions
of the source term (a-b: time-independent source term; c-d: source term
with five time intervals of roughly 2 days; e-f: source term with ten time
intervals of roughly 1 day).

corresponding cost function values for each grid point.

For the inverse modelling, two hypotheses are considered: the radiox-
enon originated from (i) a single civilian source operating in normal
conditions and (ii) the Punggye-ri test site where an underground ex-
plosion took place six weeks earlier. For the first hypothesis, we take
Qmax = 1012 Bq/day, which is a reasonable assumption for the max-
imum release of civilian sources in Eurasia (Saey, 2009). For the second
hypothesis, we increase Qmax to include possibly high radioxenon re-
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Figure 7.3: As Fig. 7.2, but for a stepwise time-dependent fictitious
source.

leases from an underground nuclear explosion. The 133Xe inventory
associated with a 10 kton nuclear explosion is about 5 · 1014 Bq after
41 days of decay (Saey, 2007; Sun et al., 2015). For the simulations, we
take Qx = 1013 Bq/day since it is unlikely that all available 133Xe would
be released at once after an underground nuclear explosion. Maps of
the cost function values for both hypotheses are shown in Fig. 7.5 (the
median cost function of the 51 ensemble members is shown).

For the civilian source assumption, the lowest values of the cost function
can be found in a narrow area northwest of RN38 up to the northeast of
the People’s Republic of China (Fig. 7.5a). However, the cost function
values in these grid points are rather high, which indicates that the
current assumptions do not allow a solution that is compatible with the
observations. Therefore, we exclude the possibility that a single civilian
source with emissions not higher than 1012 Bq/day was responsible for
the observed 133Xe concentration.

For the nuclear explosion assumption (Fig. 7.5b), a much larger area
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Figure 7.4: As Fig. 7.2, but for a fictitious short release.

with lower cost function values appears. A narrow band with low cost
function values starting in the DPRK goes northwest into China, along
the border with Mongolia, and finally into Russia. However, no civilian
sources in that area are known to the authors that could emit such an
amount of xenon (also, see for instance Fig. 1 of Achim et al., 2016). The
Punggye-ri nuclear test site is a possible source since the cost function
is low in that area.

7.3.3 Pointwise probability maps

The inverse modelling (Fig. 7.5) discriminates between regions that are
compatible with the observations (of which the area depends on the
network ambiguity, the source term and the meteorological conditions),
and regions that are not compatible with the observations. In this Sec-
tion, we quantify the effect of meteorological uncertainty on the analysis,
for which we make use of the ensemble. To allow uncertainty visual-
ization, a threshold has been applied to the cost function maps with
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Figure 7.5: Map showing for each grid box how well a grid box source
can explain the observed 133Xe concentrations considered in the sim-
ulations (lower values denote a better match). Results are for (a)
Qmax = 1012 Bq/day and (b) Qmax = 1013 Bq/day. The numbers
in the legend are the square root of the median cost function (Eq. 7.1)
and can thus be seen as a RMSE (mBq/m3).

Qmax = 1013 Bq/day. The threshold is defined in Section 7.2.3. This
threshold discriminates possible source regions from other regions. The
result for the unperturbed ensemble member can be seen in Fig. 7.6(a).
When using the full ensemble, grid box probability maps can be readily
constructed since we can assume that each member is equally likely (the
EDA system is constructed to have such behaviour; see also the results
from Chapter 5). We distinguish (i) grid boxes where more than 95% of
the ensemble members have cost functions below the threshold, (ii) grid
boxes where less than 5% of the ensemble members have cost function
below the threshold and (iii) all other grid boxes. The result for the
full ensemble can be seen in Fig. 7.6(b). These maps allow to quickly
identify which sources are compatible with the observations used in the
inverse modelling. The Punggye-ri nuclear test site falls within the re-
gion of possible sources. Compared with the deterministic simulation,
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the ensemble narrows the area of possible sources (where more than 95%
of the ensemble members have cost functions below the threshold). On
the other hand, a region appears where the percentage of members be-
low the threshold ranges between 5% and 95%. This results from the
perturbations in the meteorological fields, so that for different members,
different grid boxes become possible sources.

Figure 7.6: Pointwise probability that a certain grid point is a possible
source for (a) the unperturbed simulation (thus fully deterministic) and
(b) the full 51-member ensemble.

7.3.4 Possible release at the Punggye-ri site

In the analysis above, we have seen that the Punggye-ri nuclear test site
is a possible source that can explain the 133Xe observations used in the
inverse modelling. In this Section, we assume that the observed 133Xe
originated from a delayed release at the Punggye-ri nuclear test site
and we assess the associated 133Xe release profile. Figure 7.7(a) shows
the source-receptor-sensitivity (Wotawa et al., 2003; Seibert and Frank,
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2004) (SRS) values at the Punggye-ri nuclear test site for all 50 samples
with the corresponding uncertainty obtained from the ensemble. The
colours in Fig. 7.7(a) denote the amount of 133Xe in the sample (blue: no
133Xe, red: high level of 133Xe). The SRS values corresponding with the
elevated radioxenon samples taken at RN38 (shown in red in Fig. 7.7a)
form a narrow and coherent period, so that a single release can explain
the observations. There are other samples with non-zero SRS during
that period containing few or no radioxenon, but this does not pose an
inconsistency since the SRS values are two orders of magnitude lower,
resulting in 133Xe concentrations too low to be detected. Therefore, a
release at the Punggye-ri nuclear test site is not contradicted by the
absence of high radioxenon concentrations at other times or locations
than what has been observed.

Figure 7.7(b) shows the optimal source term and its uncertainty obtained
from the inverse modelling at the Punggye-ri nuclear test site. There
is a peak in the 133Xe release of 3.8 · 1012 Bq/day that coincides with
the non-zero SRS values of the elevated radioxenon samples at RN38.
After that peak release, the ensemble shows that there could have been
a small release of up to 5 ·1011 Bq/day or even no (significant) release at
all. The days before the peak, the inverse modelling suggests that there
could have been a 133Xe release of about 1012 Bq/day.

As mentioned throughout this dissertation and discussed in Section 2.4,
civilian sources also emit radioxenon that can be detected by the IMS
noble gas stations network (Wotawa et al., 2010; Achim et al., 2016).
Since it is difficult to accurately simulate the radioxenon background
(Schöppner et al., 2013; De Meutter et al., 2016; Eslinger et al., 2016;
Maurer et al., 2018), we simply assume that all observed 133Xe concen-
trations equal to or below 0.3 mBq/m3 are coming from one or multiple
civilian sources. These concentrations were reset to zero, but were still
used in the inverse modelling (as non-detections); the other 133Xe con-
centrations are decreased by 0.3 mBq/m3. A value of 0.3 mBq/m3 was
chosen, since this corresponds roughly with the average activity concen-
tration from civilian sources measured at IMS stations (see for instance
Fig 4 of Achim et al., 2016). Although the radioxenon background has a
strong spatial and temporal variability, we have chosen to use one num-
ber for practical reasons. By reapplying the inverse modelling, the same
though slightly weaker 133Xe peak release is found, without any signific-
ant releases before or after the peak (Fig. 7.7c). We have recalculated
the cost function and find a similar pattern as in Fig. 7.5 (not shown).
The accumulated 133Xe release in Fig. 7.7c ranges between 5.4 · 1012 Bq
and 9.3 · 1012 Bq (obtained from the 2.5% and 97.5% quantile of the
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ensemble), with a median of 6.78 · 1012 Bq. Without the background
correction, the 97.5% quantile is 1.1 · 1013 Bq. Taking into account 41
days of decay, a crude estimate of the minimal initial 133Xe inventory
is 1.5 · 1015 Bq, which is about 1.3% of the full 133Xe inventory for a
10 kton nuclear explosion (the given value is based on the ensemble
median; Saey, 2007; Sun et al., 2015).

Figure 7.7: (a) SRS values at the Punggye-ri nuclear test site for each
sample considered in the inverse modelling as a function of time; colours
are semi-transparent and proportional to the sample’s observed 133Xe
concentration (blue: low concentration; red: high concentration). (b)
Possible 133Xe release at the Punggye-ri site as a function of time. (c)
Possible 133Xe release at the Punggye-ri site as a function of time but
with all samples equal to or below 0.3 mBq/m3 reset to zero. The
shadings represent values within the 2.5% and 97.5% quantile of the
ensemble.

7.3.5 Absence of 131mXe detections

The presence of other radioxenon isotopes such as 131mXe allows to
study radioxenon isotopic ratios with the aim of discriminating between
radioxenon coming from a nuclear explosion and radioxenon coming from
civilian sources (Kalinowski et al., 2010). However, no other radioxenon
isotopes have been observed in the samples containing high amounts
of 133Xe. Given the shorter half-lives of 133mXe and 135Xe and their
accumulated yields, only 131mXe is eligible for detection, besides 133Xe.
We now assess whether the non-detection of 131mXe is compatible with
a possible release of 131mXe at the Punggye-ri site.

From the calculated minimum 133Xe inventory (based on the ensemble
median) at the Punggye-ri site, we can estimate the minimum 131mXe
inventory. We take a cumulative 131mXe fission yield of 0.06% (Saey,
2007). We assume an identical release fraction for 131mXe as for 133Xe.
The estimated 131mXe release is 7.0 · 1011 Bq. The calculated 131mXe
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Table 7.2: Calculated 131mXe activity concentration (ACsim) values for
the IMS noble gas station RN38 and the station’s Minimum Detectable
Concentration (MDC). Times are in UTC

Sampling start Sampling stop ACsim (mBq/m3) MDC (mBq/m3)

2016-02-16 2035 2016-02-17 0835 0.20 0.28
2016-02-17 0835 2016-02-17 2035 0.24 0.29
2016-02-17 2035 2016-02-18 0835 0.16 0.27
2016-02-18 0835 2016-02-18 2035 0.12 0.26
2016-02-18 2035 2016-02-19 0835 0.02 0.22

activity concentrations at RN38 are listed in Table 7.2. Results show
that non-detections are not unlikely since the calculated 131mXe fall
below the minimum detectable concentration.

7.4 Discussion

We have assessed whether the Punggye-ri nuclear test site is a plaus-
ible source of the elevated 133Xe concentrations observed by the IMS
noble gas station RN38 six weeks after the announced nuclear test by
the DPRK. Results indicate that no single civilian source, operating
under normal circumstances, can explain all radioxenon detections and
non-detections. Although we cannot exclude the possibility that a local
civilian source (Heimbigner et al., 2002) is responsible for the observed
xenon at RN38 (since our analysis dealt with long-range modelling), it
is unlikely since high xenon concentrations were detected in five consec-
utive samples rather than in a single sample. Results are consistent with
a release from the Punggye-ri nuclear test site in the DPRK (Fig 7.5).
An ensemble is used to construct pointwise probability maps such as
Fig. 7.6. By assuming that a 133Xe release took place at the Punggye-ri
site, we have calculated the corresponding source term (Fig. 7.7). Tak-
ing into account radioactive decay, we have estimated the minimal initial
133Xe inventory to range between 1.2·1015 Bq and 2.1·1015 Bq (2.5% and
97.5% quantile), which corresponds to about 1.3% of the full inventory
of a 10 kton nuclear explosion (Saey, 2007; Sun et al., 2015).

Two scenarios could have caused the delayed release from the under-
ground cavity. The first scenario is human intervention such as opening
of tunnels, drilling of holes. The second scenario involves gas transport
mechanisms that can cause radioxenon to move towards the surface of
the soil. These processes are pressure driven from the cavity, multiphase
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convection and barometric pumping (Carrigan and Sun, 2014). In the
assessment of the third announced nuclear test by the DPRK, it was
shown that the likely release at the Punggye-ri nuclear test site coin-
cided with low atmospheric pressure (Ringbom et al., 2014). It is not
clear if and to what extent the low air pressure influenced the release
of radioxenon, although the principle of atmospheric pumping is well
known (Carrigan et al., 1996; Auer et al., 1996; Carrigan and Sun, 2014;
Nilson et al., 1991). Although an assessment on the cause of the delayed
xenon release is outside the scope of this dissertation, we plot the air
pressure obtained from ECMWF analyses for the Punggye-ri site and
see that the possible release period coincides with an episode of low air
pressure (Fig. 7.8) (note that while low atmospheric pressure causes the
subsoil air to rise slowly towards the atmosphere, it might take more
than one episode of low pressure before the air actually reaches the sur-
face). On the other hand, is it not known whether the short period of
emission is consistent with barometric pumping being its cause.
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Figure 7.8: Surface pressure at the Punggye-ri nuclear test site obtained
from ECMWF analyses. The full red vertical line shows the timing of
the DPRK underground explosion, the dotted blue vertical lines show
the possible release period for the Punggye-ri nuclear test site.





Chapter 8

Long-range ATM
assessment of the 3rd
DPRK nuclear test

The findings presented in this Chapter are based on: P. De Meutter, J.
Camps, A. Delcloo and P. Termonia: Source localisation and its uncer-
tainty quantification after the third DPRK nuclear test. Sci. Rep., 8(1),
10155, 2018.

8.1 Introduction

In the past, the Democratic People’s Republic of Korea (DPRK) an-
nounced several times to have conducted a nuclear test. Although the
International Monitoring System has not yet been fully installed, these
tests provide interesting cases for testing the capability to detect clandes-
tine nuclear tests and to confirm announced nuclear tests. Seismic waves
were detected after each DPRK nuclear test (CTBTO, 2017a). These
observations allow determination of timing, location and magnitude of
the explosion. In order to discriminate conventional explosions from
nuclear explosions, a specific signature of radionuclides needs to be de-
termined. If measured, atmospheric transport models can be used to
verify whether these radionuclides originated from the nuclear test site.
This task is complicated by two factors: (i) the DPRK nuclear tests
were conducted underground, so that it is a priori not sure if and what
fraction of radionuclides were released into the atmosphere; (ii) there

123
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is an ongoing background of radioxenon from civilian sources such as
nuclear power plants and medical isotope production facilities, resulting
in frequent detections by the International Monitoring System (Stocki
et al., 2005).

In the past, radioxenon observations were linked to nuclear tests con-
ducted by the DPRK (Saey et al., 2007; Ringbom et al., 2009, 2014).
Of particular interest are the specific combinations of 131mXe and 133Xe
that were detected seven to eight weeks after the third announced nuc-
lear test in February 2013 (Ringbom et al., 2014). These detections were
made in three samples taken at the station RN38 in Takasaki (Japan)
between 7 - 9 April 2013 and in two samples taken at the station RN58
in Ussuriysk (Russia) between 12 - 13 April 2013. The radioxenon de-
tections were attributed to a nuclear explosion, mainly based on their
unusual occurrence compared to the station’s record (Ringbom et al.,
2014). Atmospheric transport and dispersion modelling was used to
calculate the source-receptor-sensitivities between the stations (or “re-
ceptors”) and possible sources. By calculating correlations between the
source-receptor-sensitivities and the observed concentrations, so-called
“Possible Sources Regions” (Becker et al., 2007) were constructed. The
nuclear test site Punggye-ri was found to fall within these possible source
regions (Ringbom et al., 2014).

More complex ATM methods for assessing the third nuclear test con-
ducted by the DPRK have been made using Bayesian methods to find
source parameters (Eslinger and Schrom, 2016; Yee, 2017), and using a
cost function method to find the possible source regions (Hofman and
Seibert, 2014). All three studies identified the Punggye-ri nuclear test
site as a likely source of the suspicious radioxenon detections. An auto-
mated methodology for principled computational inference for Bayesian
source reconstruction was described and applied to the third nuclear
test conducted by the DPRK (Yee, 2017). In another study, a method
for fusing information from the radionuclide verification regime with the
seismic verification regime was proposed (Hofman and Seibert, 2014),
which method consists of assessing the cost function values at only those
locations where seismic activity had been measured.

In this Chapter, the inverse modelling methodology presented in Chapter 7
was extended to improve the estimation of the source location and to
address the problem of the radioxenon background. Inverse long-range
atmospheric transport and dispersion modelling was used to assess the
source location of the radioxenon detections previously described (Ring-
bom et al., 2014). The following two questions were addressed in partic-
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ular: (i) how precise can we narrow down possible source regions and (ii)
can these detections be linked to a delayed release from the Punggye-ri
nuclear test site. An uncertainty quantification was provided by using
unique meteorological ensemble data, which allowed to construct grid
box probability maps for the source localisation.

8.2 Data and Methods

8.2.1 Radioxenon observations

Radioxenon detections and non-detections made by the International
Monitoring System were used for the inverse modelling. In order to
confine the possible source regions of the radioxenon detections as much
as possible, many observations should be used, since each detection or
non-detection carries some information. However, detections can be con-
taminated by the radioxenon background from civilian emitters. It is
challenging to estimate the correct radioxenon contribution from civil-
ian emitters for every individual sample (Eslinger et al., 2016; Maurer
et al., 2018) (especially if not all civilian sources of radioxenon in the
region are known). This highlights the importance of understanding the
radioxenon background and reducing radioxenon emissions from civilian
sources (Gueibe et al., 2014). With the above considerations in mind,
we selected all 133Xe observations taken between 5 April 2013 and 15
April 2013 for the IMS noble gas stations RN20, RN38, RN45 and RN58
(see Fig. 8.2 for their location). In total, 57 observations were used for
the inverse modelling.

The IMS noble gas stations RN20 and RN45 are equipped with the
Spalax system (Fontaine et al., 2004; Topin et al., 2015) and measure
radioxenon activity concentrations every 24 h, whereas RN38 is equipped
with the Sauna system (Ringbom et al., 2003) and measures radioxenon
activity concentrations every 12 h. RN58 is equipped with the Arix sys-
tem and measures radioxenon activity concentrations every 12 h (Du-
basov et al., 2005).

8.2.2 ATM model and weather data

Two sets of meteorological data were used. First, deterministic weather
data of the Integrated Forecasting System of the European Centre for
Medium-Range Weather Forecasts (ECMWF) were used. Four analyses
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per day were combined with forecasts having a 3 h lead time, so that
meteorological data were available every 3 h. Second, unique meteoro-
logical data was created by running the current latest version (cy43r1)
of ECMWF’s Ensemble of Data Assimilations (EDA) (Bonavita et al.,
2016) for the period March-April 2013. This ensemble consisted of 26
independent lower-resolution 4D-Var assimilations, of which 25 use per-
turbed observations, sea-surface temperatures and model physics. More
information on the type of perturbations can be found in another study
(Bonavita et al., 2016). The EDA cycles its own background error and
covariance estimates, therefore it can be seen as a variational implement-
ation of a perturbed observation Ensemble Kalman Filter. For each per-
turbed EDA member, the perturbations with respect to the ensemble
mean were calculated. These perturbations were then added and sub-
tracted from the unperturbed member, so that 50 perturbed members
were obtained. Meteorological data were available every three hours,
having horizontal grid spacings of 0.5◦ and having 137 non-uniform ver-
tical levels with the top level at 0.01 hPa.

The Lagrangian particle model Flexpart (Stohl et al., 1998; Stohl and
Thomson, 1999; Stohl et al., 2005) version 9.02 was used for the at-
mospheric transport and dispersion calculations. Flexpart was used
in backward mode (Seibert and Frank, 2004), giving source-receptor-
sensitivities as output. Radioactive decay was taken into account for
both 133Xe and 131mXe. The ECMWF Mars extraction software for
Flexpart available at the Flexpart website (Flexpart, 2016) was used in
modified form.

8.2.3 Inverse modelling method

Consider a vector of observed concentrations y. Inverse modelling in-
volves finding a source term x(x, y, z, t) so that the following relation is
true:

y = Mx+ ǫ (8.1)

Here, M is the source-receptor-sensitivity matrix (Wotawa et al., 2003;
Seibert and Frank, 2004) and ǫ is the combined observation and model
error. Forward modelling is often used to calculate Mx after selecting
an initial guess source term x. Via an iterative process, the source
term is then refined. However, with Flexpart, it is possible (and, if
the source location is not known, more efficient) to perform a backward
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calculation for each observation used in the inverse modelling; the result
is the source-receptor-sensitivity matrix M, thereby avoiding the need
to rerun the atmospheric transport model during the optimisation: only
the source term x(x, y, z, t) must be varied until Eq. 8.1 holds.

An exact match between simulations and observations is not possible
since both the source-receptor-sensitivity matrix and the observations
contain uncertainties. Instead, the disagreement between the observed
activity concentrations y and the simulated activity concentrations Mx
should be minimised while taking into account the uncertainty in the
observations and the model. The disagreement is quantified by a cost
function. Two cost functions were used in this study. A previous study
(Lucas et al., 2017) combined the mean square error (mse) and the
correlation (cor) into a single likelihood weight. It was argued that
mse is mainly sensitive to changes in source amount, while temporal
cor is mainly sensitive to changes in arrival time and duration. We
followed this reasoning for constructing the following cost function (note
the normalisation of the mse):

cost function(x) =
∑

samples

(ACobs −ACsim)2 ·




∑

samples

(ACobs)
2





−1

+ 1− cor (ACobs, ACsim)

(8.2)

where ACobs and ACsim are the observed and simulated activity concen-
tration. An alternative cost function used in this study is the geometric
variance (Eq. 8.3). This cost function was found to give the best results
when applying inverse modelling to a large domain and noisy measure-
ments (Cervone and Franzese, 2010). Here, a parameter α has been
added representing the minimum detectable concentration, such that
non-detections could be used in the inverse modelling:

cost function(x) = exp




1

n

∑

samples

(log(ACobs + α)− log(ACsim + α))2





(8.3)

with n = 57 the number of observations and log the natural logarithm.
We assumed that the signal of interest originated from a single grid
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box source. Therefore, for each grid box in the lowest model level,
we performed the inverse modelling and obtained a cost function value
and an associated optimal source term. It was assumed that the most
likely source locations are those grid boxes with the lowest cost function
values.

The release is assumed to took place between 20 March 2013 and 15
April 2013, with release intervals of two days. The latter is sufficient to
resolve the synoptic scale signal (De Meutter et al., 2018) and helps to
regularise the problem. Although such a long release window complic-
ates the inversion due to longer computation times and more unknowns
in the inversion, it allows to identify remote sources.

The optimisation was done using the routine nlminb from the R statist-
ical software (R Core Team, 2015) that uses a quasi-Newton method for
the minimisation with bounds on the release term (Qmin = 109 Bq/day
and Qmax = 1013 Bq/day were used unless otherwise mentioned).

8.3 Source localisation of the 133Xe detections

In this Section, the possible source locations of the selected 133Xe samples
will be determined. First, inverse modelling was applied over the north-
ern hemisphere using deterministic weather data. From that assessment,
a smaller region of interest was identified for which the inverse modelling
was repeated using the ensemble weather data.

8.3.1 Assessment over the northern hemisphere

We started with assessing which areas in the northern hemisphere could
be potential source locations, explaining the observations. The determ-
inistic weather model was used with horizontal grid spacings of 1◦. Two
methods were used, the results of which are shown in Fig 8.1. First, the
correlation between the source-receptor-sensitivities and the observed
133Xe activity concentrations were calculated for all simulation times
and for each grid box. This corresponds to the correlation between
observed and simulated activity concentrations assuming a single short
release (the duration of the release corresponds to the output frequency
of the source-receptor-sensitivity fields by Flexpart, which was 3 hours).
The result is what is sometimes called the “Possible Source Region”
or PSR (Becker et al., 2007). Since we were interested in the possible
source locations and not in the release timing, the grid box maximum
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correlation was taken over the full simulation period of 26 days. The
result is shown in Fig 8.1a.

Second, inverse modelling using the optimisation technique (described in
Section 8.2.3) was used to obtain a cost function value for each grid box.
The inverse modelling was applied once for the full simulation period,
so that a single cost function value was obtained for each grid box, in
contrast to the method where correlations were calculated.

The correlation map (Fig 8.1a) shows a few large distinct areas in East
Asia, as well as a huge area spanning from the Middle East to a large
part of North America. Many grid boxes had a high correlation at some
point in the simulation period, so that the correlation did not seem to
be a good way to distinguish likely source regions from other regions,
unless when using a very high correlation coefficient as threshold. The
cost function values resulting from the inverse modelling are shown in
Fig 8.1b. Two distinct areas can be seen: the first lies roughly over the
DPRK and the second lies near the border between China and Mongolia.
These two regions have also a very high correlation (Fig 8.1a).

When comparing both methods, it can be seen that the inverse modelling
is better in discriminating likely source regions from other regions than
the “Possible Source Regions” method: many grid boxes that had a high
correlation, are unlikely according to the inverse modelling. One might
wonder whether the difference could be attributed to the upper bound
on the release term in the inverse modelling (indeed, a very large source
term is not allowed by the inverse modelling method, but is ignored
by the correlation method). However, the cost function maps obtained
from applying inverse modelling with an upper bound increased by three
orders of magnitude (Qmax = 1016 Bq/day) gave a roughly identical
pattern (not shown).

8.3.2 Focus on East Asia

Based on the assessment over the northern hemisphere, we identified two
regions of interest located in East Asia. To assess these regions further,
we used the unique data from the Ensemble of Data Assimilations of
ECMWF. This resulted in a set of 51 ensemble members or meteorolo-
gical scenarios representing the uncertainty in the meteorological data.
For each ensemble member, we performed a set of backward Flexpart
runs to calculate the source-receptor-sensitivity fields with horizontal
grid spacings of 0.5◦. Next, we performed optimisation as discussed be-
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(a)

(b)

Figure 8.1: (a) Grid box maximum “Possible Source Region” (see text)
for all simulation times for the northern hemisphere. (b) Minimum value
of the cost function (Eq. 8.2 was used here) after inverse modelling was
applied to each grid box separately.

fore to obtain a set of 51 cost function values and optimal release terms
for each grid box, one for each ensemble member. The optimisation was
repeated twice, each time using one of the two cost functions (Eq. 8.2 and
Eq. 8.3). Fig. 8.2 shows the resulting two maps of cost function values.
The grid box median value was taken over all 51 cost function values.
Both patterns of the cost function values are similar, so that the possible
source locations are robust for the choice of the cost function.

(a) (b)

Figure 8.2: Grid box median cost function in the lowest model level
using (a) Eq. 8.2 and (b) Eq. 8.3. The levels in the legend correspond
to the 0, 0.0005, 0.001, 0.005, 0.01, 0.05 and 1 quantiles.

In order to visualize the uncertainty captured by the ensemble of 51 cost
function maps, a cost function threshold was first applied to discrimin-
ate possible source regions from other regions. The threshold was set at
the 0.01 quantile of all grid box cost function values (the total number
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of grid boxes was 13,680). A possible source location probability map
was then constructed by taking the percentage of members having a
cost function below the threshold for each grid box, as was done in a
previous study (Meutter et al., 2017). This is justified by the fact that
the EDA members represent a set of as-coherent-as-possible and equally
likely representations of the true resolved flow evolution. This is expec-
ted not to be the case for multimodel ensembles, where instead different
weightings should be used depending on the member’s individual per-
formance. The result for the inverse modelling using Eq. 8.2 is shown
in Fig. 8.3. The left panel of Fig. 8.3 was obtained using the unper-
turbed meteorological data only (to better illustrate the added value of
the ensemble versus the deterministic case), while the right panel was
obtained using the full ensemble. The deterministic case shows two pos-
sible source regions (Fig. 8.3a). For the full ensemble, a discrimination
was made between grid boxes for which at least 95% of the ensemble
members agree that grid boxes are likely sources (dark orange area in
Fig. 8.3b) or unlikely sources (white area in Fig. 8.3b). The likely source
regions were smaller when using the ensemble compared to the determ-
inistic case, but a new region appeared where the ensemble members
did not agree on whether a grid box was a likely source or not (yellow
area in Fig. 8.3b). A notable difference between the deterministic and
probabilistic case is the area near the Chinese-Mongolian border: the
deterministic model showed that it is a likely source region, while the
ensemble showed that it is associated with large uncertainties. The de-
terministic case can thus (i) be overly confident for certain grid boxes
and (ii) perhaps worse, miss certain grid boxes that are likely source
regions according to the ensemble.

(a) (b)

Figure 8.3: Grid box probability map using the cost function in Eq. 8.2
for (a) the unperturbed member only and (b) the full ensemble.



132 Chapter 8. Long-range ATM assessment of the 3rd DPRK nuclear test

8.4 Influence of the 133Xe background

The radioxenon background varies significantly with time and space,
and modelling its daily value at a specific location is not trivial. Fur-
thermore, although significant effort has been put into understanding
the global radioxenon background (Achim et al., 2016; Generoso et al.,
2018), it could be that not all local sources of radioxenon are known.
In this paragraph, we describe the assumptions that we made on the
background, but we do not attempt to model it explicitly due to the
uncertainties described here.

The signal of interest for which we wanted to find the possible source
regions are the five samples that were shown in a previous study to
be exceptional with respect to the station’s historic data due to the
particular ratio of 133Xe and 131mXe (Ringbom et al., 2014). It was
assumed that the signal of interest came from a single source (either a
nuclear test or a civilian source). The background signal, defined as any
other signal originating from one or multiple sources, was assumed to
be significantly smaller than the signal of interest in the 133Xe samples
containing more than 1 mBq/m3. In the other samples, having a 133Xe
activity concentration ranging from below detection level up to a few
tenths of mBq/m3, the contribution from the background was assumed
to be anything up to 100%.

In this Section, we assess the influence of the assumed 133Xe background
on the inverse modelling.

8.4.1 Robustness of the cost function to the background

We start by arguing that the cost functions used here (Eq. 8.2 and
Eq. 8.3) have an inherent robustness against small background contam-
ination of the samples. Indeed, both the mean square error and the
correlation in Eq. 8.2 are resilient to small-scale perturbations on the
radioxenon activity concentrations.

The geometric variance treats all observations equally, but can have
similar resilience via the parameter α in Eq. 8.3. This parameter α
was added in the formula to allow the inclusion of non-detections in
the inverse modelling (having activity concentrations ranging from zero
to just below detection level). At the same time, it allowed for the
adjustment of the tightness of fit between the observed and simulated
activity concentrations. If a low value for α is chosen, observations with
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low activity concentrations should match equally well as observations
with high activity concentrations. If a high value is attributed to α,
the inverse modelling will be dominated by the information from ob-
servations with high activity concentrations. The value of α was set to
0.1 mBq/m3, slightly below the typical minimal detectable concentra-
tion. The effect of changing α in Eq. 8.3 on the source localisation is
shown in Fig. 8.4. For very small α = 0.01 mBq/m3, and thus allow-
ing a large influence of the background on the inverse modelling, the
most likely source area is now found near the Chinese-Mongolian bor-
der. Although the area around the nuclear test site Punggye-ri is still
distinguishable from other regions by a lower cost function, it is now
a less likely source region (Fig. 8.4, left). When, on the other hand, a
large α = 1 mBq/m3 was used, the inverse modelling now uses mostly
information coming from samples with high activity concentration. The
background will now have a small effect, with the risk of not using all
relevant available information. The opposite effect can be seen on the
cost function map: the area around the nuclear test site Punggye-ri is
now the most likely source region (Fig. 8.4, right).

The value of α should be chosen based on the minimum detectable con-
centration and the typical background concentrations and is thus de-
pendent on the tracer of interest. Its best value for 133Xe likely ranged
from 0.1 mBq/m3 to 1 mBq/m3.

(a) (b)

Figure 8.4: Grid box cost function in the lowest model level using Eq. 8.3
for different values for α: (a) α = 0.01 mBq/m3 and (b) α = 1 mBq/m3.
The levels in the legend correspond to the 0, 0.0005, 0.001, 0.005, 0.01,
0.1 and 1 quantiles. Only the unperturbed member was used.

8.4.2 Setting low 133Xe activity concentrations to zero

The sensitivity to the background was further assessed by setting all
133Xe observations to zero, except for the five suspicious samples de-
scribed in a previous study (Ringbom et al., 2014) and for the elevated
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133Xe measurement of 0.7 mBq/m3 taken at RN38 just after the three
consecutive samples containing particular combinations of 131mXe and
133Xe. The resulting cost function maps are shown in Fig. 8.5. It shows
that the main features remain, which is not surprising since the cost func-
tions are not very sensitive to low activity concentrations as discussed
in the previous Subsection. However, (i) the area near the Chinese-
Mongolian border seems now a less likely source and (ii) the area of
possible sources around DPRK is now more concentrated around the
Punggye-ri nuclear test site.

(a) (b)

Figure 8.5: As Fig. 8.2, but with certain observations set to zero (see
text) and for the unperturbed member only. As before, (a) was obtained
using Eq. 8.2 and (b) using Eq. 8.3.

8.4.3 Inverse modelling using a subset of the observa-
tions

We now assess the degree of consistency among subsets of observations,
meaning that all subsets of observations can be explained by one and
the same single source. Due to the existence of the civilian radioxenon
background, one might expect that observations will generally not be
consistent. However, in the previous paragraphs we concluded that small
inconsistencies do not significantly influence the inverse modelling source
localisation. Here we selected 500 random subsets containing 75% of the
observations, and applied inverse modelling on each of these subsets,
using the unperturbed member only.

Such analysis could also be used to check for robustness against the case
that a few samples contain wrong information, in the sense that the
observed radioxenon is the signature of other sources than the source of
interest. Indeed, using combinatorics, we can calculate the probability of
not drawing n observations when a fraction frac = 75% of observations
are drawn out of a total of N = 57 observations, and repeating this
procedure ntries = 500 times:
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Table 8.1: Probability of not drawing n observations (p-values were
calculated using Eq. 8.4)

n p

1 ≈ 1
2 ≈ 1
3 0.998
4 0.72
5 0.21
6 0.04

p(n;N, frac, ntries) = 1−
(

1− (N − n)! (N −N frac)!

N ! (N − n−N frac)!

)ntries

(8.4)

The probabilities for different values of n are given in Table 8.1. Note
that with this setup, it is almost certain that any combination of three
observations will not be selected at least once.

For each of the 500 subsets of observations, inverse modelling was ap-
plied. Eq. 8.3 was used, since both cost functions gave similar results
and the inverse modelling was slightly faster compared to Eq. 8.2. In
order to interpret the resulting 500 cost function maps, we plotted the
grid point minimum, maximum, median and standard deviation of the
cost function value in Fig. 8.6 (as such, it could well be that in Fig. 8.6,
different grid boxes make use of different subsets of observations). The
grid box median of the cost function (Fig. 8.6a) is very similar to the
calculation using all observations (Fig. 8.2b). This confirms indeed that
the inverse modelling was consistent for subsets of observations, and
that small perturbations from the background did not strongly influ-
ence the results. When plotting the grid box standard deviation of the
cost function (Fig. 8.6b), the two possible source regions are shown to
be robust for selecting different subsets of observations, especially the
region around the Punggye-ri test site. The grid box minimum and max-
imum cost function values were also plotted (Fig. 8.6c and d). Fig. 8.6c
shows that it is possible to find a combination of observations for which
a pattern was found significantly differing from previous patterns. How-
ever, this pattern corresponded to the case where the largest three 133Xe
observations were omitted from the inverse modelling, while it was as-
sumed that these contain most information on the event of interest. As
such, it should not surprise that a different pattern was found. When
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requiring that a grid box should comply with all subsets of observa-
tions, which can be obtained by taking the grid box maximum of the
cost functions (Fig. 8.6d), we found a pattern roughly identical to the
median (Fig. 8.6a).

(a) (b)

(c) (d)

Figure 8.6: From 500 cost function maps obtained from different subsets
of observation, the following statistics are plotted: (a) grid box median
of the cost function; (b) grid box standard deviation of the cost func-
tion; (c) grid box minimum cost function; (d) grid box maximum cost
function. The levels in the legend correspond to the 0, 0.0005, 0.001,
0.005, 0.01, 0.05 and 1 quantiles.

8.5 Source localisation of the 131mXe detections

The inverse modelling was repeated using 57 131mXe observations (the
same period and stations as for the 133Xe observations as described in
Section 8.2 were used). The cost function map is shown in Fig. 8.7. Not
surprisingly, a pattern similar to Fig. 8.2 can be observed. Indeed, the
same meteorological data were used, consequently the source-receptor-
sensitivities are similar (the only difference comes from the radioactive
decay since 131mXe and 133Xe have different half-lives). Furthermore, the
observations of 131mXe and 133Xe are strongly correlated: the Pearson
correlation coefficient is 0.86 for these 57 observations. Fig. 8.2 and
Fig. 8.7 differ noteworthy in the area around the Punggye-ri nuclear
test site, which is the single most likely source region in Fig. 8.7, for
both cost functions Eq. 8.2 and 8.3.
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(a) (b)

Figure 8.7: As Fig. 8.2, but for the 131mXe observations.

8.6 Hypothetical radioxenon release profile at
the Punggye-ri nuclear test site

In this Section, it is assumed that the radioxenon signal of interest ori-
ginated from a delayed release at the Punggye-ri nuclear test site. The
corresponding radioxenon release profile was calculated for three sets of
observations: (i) unmodified 133Xe observations, (ii) the 133Xe observa-
tions changed as discussed previously (where most 133Xe observations
were set to zero) and (iii) unmodified 131mXe observations. The result-
ing three release profiles are shown in Fig. 8.8. The full ensemble was
used, from which uncertainty bounds were created. Eq. 8.2 was used
as cost function, though similar features were found when using Eq. 8.3
(not shown).

The release profile obtained using unmodified observations (Fig. 8.8a)
shows a possible release between 21 and 30 March 2013, but the as-
sociated uncertainties are very large. Around 27 and 29 March, most
ensemble members predicted a significant release, although the exact
amount released showed quite some spread among the ensemble mem-
bers. Between 6 and 7 April, a sharp release was found with less un-
certainty. The ensemble revealed that the release could have started a
few days earlier. Finally, the ensemble also showed the possibility of
releases around 10 April and 14 April but with a large degree of uncer-
tainty.

When using modified observations as discussed previously with the aim
to minimise the effect of the background, we see that the releases between
26 and 30 March 2013 had decreased significantly. The uncertainty
bounds obtained from the ensemble suggests that the only significant re-
lease occurred between 4 and 7 April. The additional release in Fig. 8.8(a)
compared to Fig. 8.8(b) is the result of the inverse modelling trying to
fit the simulated activity concentrations with the observed low activity
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concentrations. However, due to the construction of the cost function,
these have a small impact on the cost function. As a result, large differ-
ences in the release term can lead to only small differences in the cost
function. The additional release should therefore not be interpreted too
strictly, and the release profile obtained from the modified observations,
showing a single robust release, is by far the most interesting feature.
Note that the uncertainty bounds from the ensemble are helpful for
carefully interpreting the additional releases.

The 131mXe release profile is shown in Fig. 8.8(c). As for the 133Xe
release profile, a significant release is predicted around 6-7 April. Note
that this release is lower than for the 133Xe release profile. This is
expected since at the time of the potential release, the 131mXe inventory
is still smaller than the 133Xe inventory due to the different cumulative
fission yields (England and Rider, 1994).

(a) (b) (c)

Figure 8.8: Release profile obtained from the unperturbed member
(black solid line) for the Punggye-ri nuclear test site: (a) 133Xe release
profile using unadapted 133Xe observations, (b) 133Xe release profile us-
ing 133Xe modified observations and (c) 131mXe release profile using
unchanged 131mXe observations. The shadings represent the 0.025 and
.975 quantiles of the full ensemble.

8.7 Summary and conclusions

Several weeks after the third announced nuclear test conducted by the
Democratic People’s Republic of Korea, particular combinations of 131mXe
and 133Xe had been measured at two noble gas stations that are part
of the International Monitoring System to verify compliance with the
Comprehensive Nuclear-Test-Ban Treaty (Ringbom et al., 2014). In
this paper, the origin of this radioactive xenon has been assessed us-
ing long-range atmospheric transport and dispersion modelling. Unique
meteorological ensemble data were obtained by running the latest ver-
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sion of the Ensemble of Data Assimilations of ECMWF for the period
March-April 2013. Atmospheric transport and dispersion calculations
were performed with Flexpart in backward mode to calculate the source-
receptor sensitivity fields for 57 noble gas observations from the Interna-
tional Monitoring System. Inverse modelling was used to search for an
optimal source term in each grid box of the domain that matched best
with the observations (“best” being quantified by two alternative cost
functions Eq. 8.2 and Eq. 8.3). Using the adjoint approach, there was no
need to rerun the atmospheric transport model during the optimisation.
The ensemble allowed to quantify the source location uncertainty and
release uncertainty.

The source localisation of the 133Xe detections showed two distinct pos-
sible source regions: one at the Chinese-Mongolian border, and one
around the Punggye-ri nuclear test site (Fig. 8.2). The results were ro-
bust for the two alternative cost functions that were used in this study.
The correlation between the source-receptor-sensitivity fields and the
observed activity concentrations (sometimes called the “Possible Source
Regions” product) turned out to be poor in discriminating possible
source regions from other regions when the timing of the release is not
specified (Fig. 8.1). The ensemble allowed to construct grid-pointwise
probability maps such as Fig. 8.3. This provided additional valuable
information compared to the deterministic result.

A particular challenge for the radioxenon verification part of the CTBT
is the existence of a radioxenon background from civilian sources. The
influence of the 133Xe background on the source location was assessed in-
directly. The assessment suggests that the possible source region around
the Chinese-Mongolian border should at least partly be attributed to the
133Xe background (partly, since the specific meteorology for that period
and the noble gas station network configuration also influence the size
of possible source regions). This was observed when (i) more weight was
given to the observations having a high 133Xe activity concentration
(Fig. 8.4b) and (ii) certain detections were changed to non-detections
(Fig. 8.5). Furthermore, the results were consistent among different sub-
sets of observations, such that the findings are not negatively influenced
by a few samples containing 133Xe from sources other than the source
of interest. This discussion highlights the importance of having a thor-
ough understanding of the background, so that sound assumptions can
be made when assessing the influence of the background. The parameter
α in Eq. 8.3 was kept constant in this study, but it can readily be exten-
ded to be station-specific or even sample-specific (representing the fact
that different noble gas stations have different radioxenon backgrounds
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or samples have different minimum detectable concentrations).

The source localisation was repeated for the 131mXe detections. The
resulting possible source locations were similar to those for 133Xe. How-
ever, the area around the Punggye-ri nuclear test site was now the single
most likely source region (Fig. 8.7).

When a delayed 133Xe release from the Punggye-ri nuclear test site is as-
sumed, a sharp release around 6-7 April 2013 is observed (Fig. 8.8). The
additional releases with large uncertainties according to the ensemble
were partly removed by using the modified observations to minimise the
effect of the background.

Currently, all four radioxenon isotopes are rarely (if at all) measured in a
single sample by the International Monitoring System, making a routine
discrimination of samples based on the discrimination line (Kalinowski
et al., 2010) not feasible. However, this technique might become useful
in the future since the noble gas detection systems are further being
improved, making it more likely that all four radioxenon isotopes will
be measured simultaneously (Ringbom et al., 2017; Topin et al., 2017).
On the other hand, significant information can be extracted based on
the simultaneous detections of two radioxenon isotopes. Using isotopic
ratios of 131mXe and 133Xe, Ringbom et al. (2014) showed that the par-
ticular radioxenon detections after the third nuclear test conducted by
the DPRK were likely originating from the Punggye-ri nuclear test site.
This was later found to be in agreement with physical and radiochem-
ical simulations from Carrigan et al. (2016). To date, the analysis of
radioxenon detections (and preferably, if available, their isotopic ratios)
combined with atmospheric transport modelling provides most feasibly
evidence to confirm the nuclear nature of a man-made explosion. Such
analyses may further be refined using information from seismic and in-
frasound stations (Hofman and Seibert, 2014). The source localisation of
both 131mXe and 133Xe indicate that a delayed release from the Punggye-
ri nuclear test can explain the observations, and the inverse modelling
greatly confines possible source regions.



Chapter 9

Other applications of
inverse modelling

9.1 Ruthenium detections in autumn 2017

Part of the findings presented in this Section have been presented at the
36th International Technical Meeting on Air Pollution Modelling and its
Applications that took place in Ottawa in May 2018, and will be pub-
lished in P. De Meutter, J. Camps, A. Delcloo and P. Termonia: Inverse
modelling of intercontinental ruthenium-106 detections in autumn 2017,
Air Pollution Modeling and Its Application XXVI, Springer Proceedings
in Complexity.

9.1.1 Introduction

In late September and October 2017, 106Ru (ruthenium) was detected
in Europe by national environmental radioactivity monitoring networks.
It was also detected throughout the northern hemisphere by the very
sensitive radionuclide network of the International Monitoring System.
Samples that had the largest amounts of 106Ru also contained some
103Ru. 106Ru is a radioactive particulate (half-life: 373.6 d) that has
no natural sources and no measurable global background. Based on the
fact that only 106Ru and no other fission products were measured (apart
from 103Ru in lower concentrations and at fewer places; its half-life is
39.3 d), a nuclear reactor accident can be excluded.

To date, no nuclear facility or country has reported any nuclear incid-
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ent to the International Atomic Energy Agency which could explain the
ruthenium detections. Due to the fact that many samples taken through-
out the northern hemisphere contained (small) amounts of 106Ru, and
that there is no measurable global background, these detections provide
a very interesting case for applying inverse atmospheric transport mod-
elling from a scientific point of view.

The Institut de Radioprotection et de Sûreté Nucléaire (IRSN) has pub-
lished a study on the possible source regions based on measurements
exchanged via the Ring of Five network, an informal network of radi-
onuclide experts. They have employed forward atmospheric transport
modelling over a limited domain to test which single grid box source
can best explain the observations. They found that the detected 106Ru
is likely coming from an area between the Volga and the Urals (IRSN,
2017).

In this Chapter, we assess the possible source regions of the 106Ru based
on measurements from the International Monitoring System (IMS) for
the verification of the Comprehensive Nuclear-Test-Ban Treaty. The in-
verse modelling methodology is similar to that described in Chapter 8,
and meteorological uncertainty is quantified using the ensemble ap-
proach. This allows to test the findings from IRSN using different obser-
vations and a different methodology. Lastly, radionuclide experts con-
sider the nuclear facility Mayak as a possible source candidate (IRSN,
2018). From the ratio in concentration between 106Ru and 103Ru, which
was around 4 000, it was concluded that the ruthenium was produced
recently (a few years ago at most), so that an event involving old sources
can be excluded.

9.1.2 Methods

As in the previous Chapters, meteorological data from the Integrated
Forecasting System operational at ECMWF was used. The extracted
data had horizontal grid spacings of 1◦ and had 137 non-uniform ver-
tical levels up to 0.01 hPa. Inverse modelling was applied to 282 106Ru
detections and non-detections from 16 radionuclide stations of the Inter-
national Monitoring System. The methodology was similar to the one
described in Section 8.2.3. The key points are repeated here. Inverse
modelling involves finding a source term x(x, y, z, t) based on a vector
of observations y:
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y = Mx+ ǫ (9.1)

here, M is the source-receptor-sensitivity matrix which is obtained by
running the atmospheric transport and dispersion model Flexpart (Stohl
et al., 2005) in backward mode (Seibert and Frank, 2004) and ǫ is the
combined observation and model error. Note that contrary to radiox-
enon, 106Ru is subject to deposition processes. These were included
in the Flexpart calculations (information on the parametrisation of dry
and wet deposition is given in Section 3.2.5). The following settings have
been used for dry deposition: ρp = 2.5 103 kg/m3, dp = 6.0 10−7 m and
σdp = 0.3, and for wet deposition: A = 1.0 10−4 s−1 and B = 0.8 (these
values are available in the SPECIES files provided at Flexpart (2016)).
In practice, no perfect match between the observed and simulated activ-
ity concentrations is possible, since both the source-receptor-sensitivity
matrix and the observations contain uncertainties. Instead, the disagree-
ment is minimised using an optimisation procedure. A cost function is
defined to quantify the disagreement. It is assumed that the true source
lies in one of the grid boxes having the lowest cost function value. There
is no need to rerun the atmospheric transport model during the op-
timisation: only the source term x(x, y, z, t) needs to be varied until a
sufficiently good match is found with y.

The cost function that has been used here, is the geometric variance
(Eq. 9.2; index i goes over all n observations). Cervone and Franzese
(2010) found that this cost function performed well for inverse model-
ling over a large domain using noisy measurements. However, the main
reason for choosing this cost function was that the 106Ru concentrations
detected by the radionuclide stations spanned four orders of magnitude.
A square error cost function would be dominated by a few very high
concentration measurements. This was not desired, in particular since
there is no global 106Ru background, contrary to radioxenon. A para-
meter α has been added which allows to deal with non-detections (α has
been given a value of 0.005 mBq/m3, which corresponds roughly to the
detection limit of 106Ru for the IMS network):

costfunction(x) = exp

(

1

n

n∑

i=1

(log(yi + α)− log(Mijxj + α))2
)

(9.2)

Here, the summation goes over the n = 282 observations, log is the
natural logarithm and an implicit summation over j is assumed.
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9.1.3 Source localisation in the lowest model layer

We first assumed that the 106Ru source was a single point source located
near the ground. We performed the optimisation for each grid box sep-
arately in the lowest model level of Flexpart extending from ground level
to 100 m above. The result is a cost function value for each grid box,
and an associated optimal source term. Fig. 9.1 shows the cost func-
tion values resulting from the optimisation. A distinct region of possible
source locations can be seen between the Volga and the Ural mountains.
A release from the nuclear facility Mayak is possible according to the in-
verse modelling results. The hypothetical release profile for the Mayak
facility is shown in Fig 9.2. According to the inverse modelling, the
accumulated 106Ru release should have been around 1015 Bq. This is
a large release and possibly countermeasures would have been required
nearby the source (though such regulations are country-specific).

Figure 9.1: Map showing for each grid box how well a grid box source
can explain the observed 106Ru concentrations (the values shown are
the cost function values obtained after the optimisation). The black
dots show IMS stations where no 106Ru was measured; the red dots
show stations where 106Ru was measured. The location of the nuclear
facility Mayak is also shown. The legend values correspond to the cost
function quantiles of 0, 0.05, 0.1, 0.5, 1, 10 and 100%.

As in Chapter 7 and 8, the Ensemble of Data Assimilations (EDA)
of ECMWF has been used to estimate the effect of meteorological un-
certainty on the source localisation. The EDA system consists of 26
independent lower-resolution 4D-Var assimilations, of which 25 use per-
turbed observations, sea-surface temperatures and model physics (Bonavita
et al., 2016). By adding and subtracting the perturbations from the en-
semble mean, we obtained 50 perturbed and 1 unperturbed members.
For each ensemble member, Flexpart has been run and the optimisation
of the emission profile to reduce the cost function is applied to each of
the resulting 51 M matrices. Only a subset of observations (38 out of
282) is used to limit the computational cost. To visualize uncertainty,
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Figure 9.2: 106Ru release profile obtained from the inverse modelling
assuming the release was coming from the nuclear facility Mayak.

the 1% cost function quantile has been used as a cost function threshold
has been applied to the resulting 51 cost function maps to discriminate
possible source regions from other regions. Since each member of the
EDA system has by construction an equal probability, the 51 cost func-
tion maps can be used to construct grid point-wise probability maps,
shown in Fig. 9.3 (See also the discussion in Section 5.5).

Figure 9.3: Probability of being a likely source for each grid box separ-
ately using (a) the unperturbed member only and (b) the full ensemble.
The black dots show IMS stations where no 106Ru has been measured;
the red dots show IMS stations where 106Ru was measured. The location
of the nuclear facility Mayak is also shown.

9.1.4 Discussion

The 106Ru observed in autumn 2017 provided a very interesting case for
inverse atmospheric transport modelling since (i) detections were made
throughout the northern hemisphere and (ii) there is no global natural or
anthropogenic background that could contaminate the signature of the
event of interest. The detections span four orders of magnitude, so that
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a cost function was needed that treated high and low detections with
similar importance. For that, the modified geometric variance was used
(Eq. 9.2). Based on the IMS observations of 106Ru, a single grid box
source could be found that is likely located between the Volga and the
Ural mountains (Fig. 9.1). In that region, the Mayak nuclear facility is
also located, which radionuclide experts believe to be a possible source.
According to the inverse modelling, the release could have been up to
1 PBq. The results of this study are in agreement with studies pub-
lished by other institutes (IRSN, 2018; Kovalets and Romanenko, 2017),
although a different methodology and different observations have been
used. Unfortunately, it is difficult to quantify the agreement between
different methodologies. Future studies should address that, as it will
allow to better understand the strengths and weaknesses of a certain
method.

9.2 National Data Centre Preparedness Exer-
cise 2017

A “National Data Centre Preparedness Exercise” has been launched
by the end of 2017 by the German National Data Centre. The aim
of such exercises is to evaluate and enhance the capability of National
Data Centres to verify compliance with the Treaty. In particular, data
exchange, programs and methods are evaluated.

We have participated in task B of the exercise, which reads:

“[...] there were regular occurrences of radioxenon detections
categorized as Level C at the stations RN04 and RN46 in
November 2017. Is it possible to characterise the source by
the analysis of isotopic ratios? How accurate could the source
region be confined using Atmospheric Transport Modelling
without knowledge about a prominent regional background
emitter of radioxenon?” (task B of National Data Centre
Preparedness Exercise 2017)

The only major source of radioxenon in that region is the medical isotope
production facility Ansto, so that the detections are very likely coming
from there. However, this information is not taken into account when
performing the inverse modelling, as required by the exercise. This case
thus provides a good additional validation for the inverse modelling,
specifically for the source localisation.
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As before, Flexpart was used in backward mode with ECMWF data
(only deterministic weather data was used). For the inverse modelling,
we have used two independent methods: first, the existing cost func-
tion minimisation method, and second, a Bayesian optimisation method
which was implemented and tested for this case.

9.2.1 Cost function method

For the inverse modelling, the geometric cost function was used (Eq. 9.2)
with α = 0.1 mBq/m3 and Qmax = 1013 Bq/day. The resulting cost
function map is shown in Fig. 9.4. The inverse modelling shows a con-
fined area of possible sources that includes the medical isotope produc-
tion Ansto.

Figure 9.4: Possible source regions (grid box cost function) for the ob-
servations of the National Data Centre Preparedness Exercise 2017. The
levels in the legend correspond to the 0, 0.0005, 0.001, 0.005, 0.01, 0.1
and 1 quantiles of the cost function.

9.2.2 Inverse modelling using Bayesian optimisation

For the inverse modelling problem described above, it is known that the
observations are coming from the medical isotope production facility
Ansto. Therefore, this case is well-suited for testing other inverse mod-
elling methods using real-world data. In this last Section, we explore the
use of Bayesian inversion instead of the cost function approach.

Bayes’ theorem for continuous probability models can be written as:
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f(θ|x) = f(x|θ) f(θ)
f(x)

(9.3)

With x the data and θ the parameter(s) about which inferences1 are
drawn. f(θ|x) is called the posterior distribution, f(x|θ) is called the
likelihood, f(θ) is called the prior distribution and f(x) is called the
evidence.

A Markov chain Monte Carlo (MCMC) algorithm is often used to
sample from the posterior distribution. MCMC algorithms generate a
Markov chain of samples in a way that is proportional to the posterior
distribution. Therefore, it is an efficient way of sampling, compared
to conventional Monte Carlo integration. Here, we use the Metropolis-
Hastings algorithm, which is similar to the rejection method when draw-
ing samples.

At every iteration, new parameter values θC are drawn from a proposal
function g(θ) that has the same support as f(θ|x). These new parameter
values are drawn from a Gaussian distribution with the mean equal to
the previous parameter value and with a certain fixed standard devi-
ation. In order to determine whether the new parameter values θC are
accepted, the following ratio is computed:

R =
f(θC |x)/f(θi−1|x)
g(θC)/g(θi−1)

(9.4)

Next, a random number ui is drawn from the uniform distribution [0, 1].
θi is then determined according to:

θi =

{

θC if ui ≤ R

θi−1 if ui > R

If the proposal is not accepted, the previous value is repeated. The
proposal function should be chosen such, that the acceptance rate is not
too low and not too high.

With the cost function approach, we have obtained very good results
using a constant release assumption. Therefore, we only consider the
release amount (fixed with time), the release location (x, y) and the

1Statistical inference involves finding the characteristics of a “population” by using
a limited data sample that is drawn from that population.
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combined model and observation error as parameters of the Bayesian
inference. We have defined uniform priors and a Gaussian likelihood
function, which allows to calculate the posterior f(θ|x). For n samples,
the Gaussian likelihood function is:

Λ(Q, x, y, σ) = σ−n (
√
2π)−n

n∏

i=1

exp

[

−(ACsimi(Q, x, y)−ACobsi)
2

2σ2

]

(9.5)

with ACobsi the observed activity concentration, ACsimi the simulated
activity concentration and Q, x, y, σ the unknown parameters. Although
one of the advantages of using Bayesian statistics is the inclusion of sub-
jective information, the NDC Preparedness Exercise stipulated that no
a priori source information should be used. As a test, we performed one
MCMC simulation with 105 iterations. The resulting draws and pos-
terior distributions for the four parameters are shown in Fig. 9.5.

In order to produce a source location probability map, we performed
two experiments. The first experiment used 500 independent MCMC
simulations with 10 000 iterations and a burnin of 5 000 (meaning that
the first 5 000 iterations are discarded). The second experiment used
100 MCMC simulations with 50 000 iterations and a burnin of 25 000.
For both experiments, the initial conditions were constructed using the
Latin hypercube method from the R package lhs (Carnell, 2018). This
allows to efficiently sample the possible initial conditions and to limit the
dependency of the results on the initial conditions. The source location
probability maps are shown in Fig. 9.6. The results are similar (though
the second experiment seems to be less noisy) and show that the grid
boxes near the Ansto facility have a very high probability, in agree-
ment with the cost function map in Fig. 9.4. However, a few patches
with a small probability can be seen that do not have an equivalent in
Fig. 9.4. The results, and in particular the differences with the cost
function method, should be further investigated by assessing the sensit-
ivity to the likelihood function, the proposal function and its parameters
(which determines the size of the steps that the MCMC takes), and the
error.

9.2.3 Discussion

We have applied two different optimisation methods for the 2017 Na-
tional Data Centre Preparedness Exercise, where radioxenon detections
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Figure 9.5: Results of one MCMC simulation using 100 000 iterations:
(top row) normalised source term, (second row) x-coordinate in arbit-
rary units, (third row) y-coordinate in arbitrary units and (bottom row)
combined error of observation and model. The left column shows the
MCMC values at every iteration, the right column the posterior distri-
butions.
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Figure 9.6: Source location probability map using Bayesian optimisa-
tion. Left: 500 MCMC simulations using 10 000 iterations and a burnin
of 5 000. Right: 100 MCMC simulations using 50 000 iterations and
a burnin of 25 000. The location of the nuclear facility Ansto is also
shown.

from the International Monitoring System were provided in order to
locate the possible source regions. First, the results from the inverse
modelling using the cost function shows a very good agreement with the
location of the Ansto nuclear facility (Fig. 9.4). This real-world case
thus gives additional confidence in the inverse modelling methodology.
Second, a Bayesian optimisation method, which is complementary to the
cost function approach, was implemented and tested for this case. Al-
though more research is needed to fully understand the outcomes from
the Bayesian optimisation, again a very good agreement is found with
the location of the Ansto facility.





Conclusions and
suggestions for future
research

A global monitoring system is being set up that will allow to verify com-
pliance with the Comprehensive Nuclear-Test-Ban Treaty. Part of this
verification regime involves the monitoring of specific airborne radionuc-
lides which can be the signatures of a nuclear explosion. Of particular
interest are four radioactive isotopes of xenon (131mXe, 133Xe, 133mXe
and 135mXe, called radioxenon), since these are more likely than other
radionuclides to be released into the atmosphere after an underground
nuclear explosion.

This dissertation dealt with the modelling of the long-range atmospheric
transport and dispersion of radionuclides. Both “direct modelling” (cal-
culating receptor concentrations from known sources) and “inverse mod-
elling” (calculating possible source locations and release profiles based
on observed concentrations at receptors) have been studied. Below is
a restatement of the objectives outlined in Chapter 1, together with
a description of how the research presented in the previous Chapters
contributes to these objectives.

1. Assess the capability of atmospheric transport and dispersion mod-
els to simulate long-range atmospheric transport and dispersion,
with a focus on radioactive xenon isotopes (further referred to as
radioxenon) released into the atmosphere by known civilian emit-
ters.

There is a background of radioxenon from civilian sources, which deteri-
orates the verification capability of the CTBT. One way to deal with the
radioxenon background has been studied here and consists of the explicit
modelling of the radioxenon background. This is a challenging task due

xxxiii
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to (i) the nature of atmospheric transport and dispersion (indeed, the
radioxenon background varies with location and time in a complex way)
and (ii) the fact that not all civilian sources and their associated release
terms are known. Often the magnitude and the time-dependency of the
release term are unknown.

Several studies dealt with the radioxenon background averaged over a
full year or more, yielding valuable information on the spatial pattern of
the radioxenon background. These studies have shown that it is possible
to simulate the correct distribution of radioxenon, although discrepan-
cies remain for certain stations. Fewer studies compared time series
of simulated and observed radioxenon concentration, which provides
valuable information on the capability of atmospheric transport mod-
els to reconstruct and thus explain certain radioxenon detections and
non-detections. A good agreement between (sub)daily simulated and
observed activity concentration is obviously harder to obtain.

In Chapter 4, we have simulated the radioxenon background at two IMS
stations in Europe for a full year 2014. We have used unique stack
monitoring data from the Institute for Radio-Elements (IRE in Fleurus,
Belgium), which is the largest regional radioxenon emitter. We have
also included the contribution of nearby nuclear power plants and the
medical isotope production facility Canada Nuclear Laboratories (we
have used a constant release term based on the literature).

The simulated activity concentration averaged over the one-year study
period is consistent with the time-averaged observed activity concentra-
tion. This indicates that there is no bias in the combination of model
setup and the emission inventory that was used. In agreement with
the literature, the medical isotope production facilities have a dominant
contribution to the activity concentration. However, when considering
(sub)daily activity concentrations as is being measured by the Interna-
tional Monitoring System, the contribution from nuclear power plants
can be non-negligible at certain days, depending on the prevailing winds.
Significantly better results were found for the station RN33 in Germany
than for the station RN63 in Sweden. It is hypothesised that this is the
result of the greater impact of nuclear power plants on that station, for
which no time-dependent emission data are available.

Although a fairly good agreement was found between the simulated and
observed activity concentration, significant disagreement can occur as
well for certain days. Such disagreement includes both misses (under-
prediction of radioxenon) and false alarms (overprediction of radiox-
enon). There are a number of reasons that can explain such deviation,
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of which the most likely are: (i) wrong radioxenon emission assumptions
for that period (for instance, a short peak release at a nearby nuclear
facility), (ii) unresolved meteorological flow (local winds that are not
present in the numerical weather prediction data used to drive the at-
mospheric transport model), and (iii) errors in the parametrisation of
the atmospheric dispersion.

Better results could be obtained by using stack monitoring data for ci-
vilian sources. Recently, stack emission data have been obtained for the
nuclear facility Canada Nuclear Laboratories via a data-sharing agree-
ment with Canada for research purposes, and a future study could assess
the benefits from having such data. For the nuclear power plants how-
ever, it is difficult to obtain and handle such data for each nuclear power
plant. Further improvements could be realised by using meteorological
data with higher spatio-temporal resolution, so that local winds are bet-
ter represented. A particular challenge in this respect is the coupling
of local, on-site wind conditions (near the source or receptor) with the
larger scale transport between the source and receptor. Dense on-site
observations and a multiscale modelling system might result in a signi-
ficant improvement.

Intercontinental transport in the southern hemisphere has been studied
in Maurer et al. (2018), for which a summary of the main findings was
given in Chapter 5. One of the findings in that study was that the model
performance at remote stations is not necessarily worse than for nearby
stations: for instance, the timing of the main 133Xe detections at station
FRX27, having a source-receptor distance of more than 6 000 km, were
perfectly reproduced by all runs. From these and other studies, it can
be concluded that the capability to model the radioxenon activity con-
centration is station-dependent. This is likely because the knowledge
of the relevant civilian sources is station-dependent, and because the
topography and local winds are different for each station, which both
complicate the modelling of atmospheric transport and dispersion pro-
cesses.

A comparison between simulated and observed activity concentrations
to assess the model capability is limited by how well the sources and
their release terms are known. For many nuclear facilities, reports or
estimates of yearly emitted radioxenon are available. As these emission
data do not take into account temporal variations in the release term, it
can still give rise to a mismatch between simulated and observed activity
concentrations. This effect is quantified in Chapter 6: first by assessing
time series of the source-receptor-sensitivities, and then by testing the
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findings using the 15-minutes stack emission database of the IRE. It
was found that the source-receptor distance plays a major role in the
possible error: for nearby sources, temporally resolved emission data
is more imperative than for remote sources. The sampling time of the
detection systems also plays a role, although the effect is small: shorter
sampling times slightly increase the need for time-resolved emission data.
Finally, the results are found to be robust for simulations with smaller
grid spacings.

2. Quantify the uncertainty of long-range atmospheric transport and
dispersion simulations. For that, the ensemble method is used,
which is well established in the field of numerical weather predic-
tion. Similar to a model that needs to be validated with observa-
tions, an uncertainty quantification requires validation by assess-
ing the deviation between model predictions and observations with
respect to the simulated uncertainty.

In the study on the radioxenon background in Europe, described in
Chapter 4, an 11-member subset of the Ensemble Prediction System
(ENS) of ECMWF was used to quantify the meteorological uncertainty.
It was found that the ensemble is capable of quantifying part of the
uncertainty, as the ensemble was underdispersive (Fig 4.11). Regard-
ing model performance, improvements were found for the Brier score
(Fig 4.10) and the Continuous Rank Probability Score when using the
full ensemble compared to the deterministic simulation, but not for other
scores (Table 4.2).

Better results could have been obtained by using (a subset of) the En-
semble of Data Assimilations of ECMWF instead of the Ensemble Pre-
diction System product, since we are not interested in the forecast un-
certainty in this context. Indeed, radioxenon observations are available
with at least one day delay, allowing to use analyses instead of forecasts.
From the literature, it was found that meteorological data is the major
source of uncertainty for atmospheric transport modelling. More spread
could be obtained by also quantifying the uncertainty related to the
atmospheric transport model. This can be realised by running differ-
ent realisations of the transport model using different input parameters
(besides the meteorological ensemble). However, it is expected that the
increase in spread will be small compared to the increase in computation
time and data storage. A comprehensive way to quantify the parameter
uncertainty could be obtained by using emulation (Harvey et al., 2018),
a statistical method which allows to quickly calculate model output for
different input parameter values without actually running the full model.
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Once the emulation is built, which is computationally demanding, a fast
evaluation of parameter uncertainty could be performed, which is in-
teresting from an operational point of view (in particular in case of a
nuclear accident, where a fast response is required).

We have participated to the second international ATM model compar-
ison exercise, called “the 2nd ATM challenge”. The purpose of this
challenge was twofold: first, to ascertain the level of agreement that can
be found between simulated and observed activity concentrations, and
second, to have a broad participation from the international community
working on the radionuclide verification part of the CTBT to enhance
discussions and exchange of knowledge. Chapter 5 describes the setup
and the results. After the comparison phase of the challenge, addi-
tional experiments have been performed using the EDA ensemble and a
“Poor Man’s” ensemble consisting of values of neighbouring grid boxes.
While both ensembles show spread, the EDA ensemble also gave better
results when taking the ensemble mean or median. This was not the
case for the Poor Man’s ensemble, for which there is no physical basis
that it would sample the uncertainties correctly. The increased com-
putation time associated with an ensemble could be avoided by sharing
the operational simulations between different institutes, thus creating a
multimodel ensemble. However, it is not guaranteed that the members
of such multimodel ensemble sample independently the uncertainties, so
that members could be redundant.

Chapter 6 provided a methodology to calculate the time resolution re-
quirements of emission data based on the current atmospheric flow by
using the atmospheric transport model. The results from that Chapter
allow to estimate the possible error from time-averaged emission data
instead of using time-resolved emission data. As the method consists of
assessing the temporal variation of the source-receptor-sensitivities, it
does not require knowledge of the emission data.

3. Develop a method to solve the inverse atmospheric transport and
dispersion modelling problem for single sources. This involves find-
ing possible source regions, and the hypothetical release profile
associated to any grid location. The method will first be valid-
ated using fictitious sources and associated fictitious observations.
Next, it will be used to assess specific cases of interest (such as the
announced nuclear tests conducted by the Democratic People’s Re-
public of Korea) where radionuclide detections have been made by
the monitoring system for the Comprehensive Nuclear-Test-Ban
Treaty.
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A method to find possible source regions and associated emission pro-
files based on a set of observed concentrations has been developed. The
method is able to combine information from both detections and non-
detections. It was validated with three twin experiments described in
Section 7.3. In such twin experiments, fictitious sources were first defined
and used to construct pseudo-observations. These pseudo-observations
were then used to perform inverse modelling, and the result were com-
pared with the true (prescribed) source term and source location.

Additionally, the inverse modelling has been applied to real observa-
tions from the International Monitoring System in the framework of the
National Data Centre Preparedness Exercise 2017 task B, discussed in
Section 9.2. This involves the source localisation of elevated radioxenon
detections in November 2017 originating from the medical isotope pro-
duction facility Ansto. The inverse modelling is able to identify a small
possible source region, which includes the position of the Ansto facil-
ity. From the twin experiments and the application to real data, we
conclude that the implemented inverse modelling is a powerful tool for
finding possible source regions and associated emission profiles.

The inverse modelling has further been applied to three cases where
unusual radionuclide detections were made by the International Monit-
oring System. These cases are (i) the elevated 133Xe detections after the
fourth announced nuclear test conducted by the Democratic People’s
Republic of Korea (DPRK) described in Chapter 7, (ii) the particular
radioxenon detections after the third announced nuclear test conduc-
ted by the DPRK described in Chapter 8 and (iii) the 106Ru detections
that were made throughout the northern hemisphere in autumn 2017,
described in Section 9.1.

In Chapter 7, which assessed the origin of the 133Xe detections taken
after the fourth announced nuclear test conducted by the DPRK, a
square error cost function was used. The Punggye-ri nuclear test site,
where a man-made explosion took place consistent with the announce-
ment of a nuclear test, was found to be a possible source location
(Fig. 7.5). Furthermore, known civilian sources fall outside the region
of possible sources and the amount of radioxenon calculated by the in-
verse modelling that is required to explain the observations suggested
that civilian sources operating in normal mode can be excluded as a
possible source (except for local sources such as hospitals nearby the de-
tection station since this work focusses on long-range atmospheric trans-
port modelling). However, because there is few information available
about civilian sources in that region (which is particularly true inside
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the DPRK), it cannot be excluded that a civilian source was responsible
for the observed 133Xe detections. This highlights the importance of a
good understanding of the radioxenon background.

For the inverse modelling using the ruthenium detections discussed in
Section 9.1, a square cost function did not provide the best results: the
detected 106Ru spanned four orders of magnitude so that low-level detec-
tions were treated roughly like non-detections. This is not desired since
there is no measurable global 106Ru background. Therefore, low- and
high-levels of detected 106Ru concentrations should be treated roughly
equally in the inverse modelling. This was achieved by using the geomet-
ric variance as a cost function, slightly modified to allow the inclusion
of non-detections. The inverse modelling shows that the 106Ru is likely
originating from a region in Russia. These results are in agreement with
independent studies performed by other institutes that used other data
and different methodologies.

To assess the particular radioxenon detections after the third announced
nuclear test conducted by the DPRK, two cost functions have been used
as described in Chapter 8: a modified version of the square error cost
function, and the geometric variance. Both cost functions give roughly
identical results and show that the Punggye-ri is a possible source. As for
the other announced nuclear test by the DPRK, the source localisation
would benefit from a better understanding of the radioxenon background
in that region. A few tests have been proposed and conducted to assess
the effect of the radioxenon background. These tests suggest that one of
the two distinct possible source regions found by the inverse modelling
should be attributed to the radioxenon background.

The current optimisation method could be extended by including explicit
regularisation into the cost function. This could improve the inverse
modelling in case there are only a few observations available, although
the result would then be more sensitive to a priori information.

4. Quantify the uncertainty on the outcome of the inverse atmo-
spheric transport and dispersion modelling problem. Such uncer-
tainty quantification will be applied to the case studies mentioned
above. This task also involves finding a suitable way to visualise
uncertainty.

In the three studies discussed above and described in Chapters 7, 8
and Section 9.1, the Ensemble of Data Assimilations of ECMWF has
been used to construct an ensemble that quantifies the meteorological
uncertainty. Each ensemble member represents a possible meteorolo-
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gical scenario. For each of these scenarios, atmospheric transport and
dispersion simulations have been performed and inverse modelling has
been applied. This resulted in a set of cost function maps, of which the
spread between these results represents the uncertainty. To allow uncer-
tainty visualisation, a threshold was applied to each of the cost function
maps. This threshold was chosen to discriminate possible source regions
from other regions. Next, the percentage of ensemble members (not)
exceeding the threshold was calculated in each grid box. The result was
a grid point-wise possible source location probability map, as shown in
Figs. 7.6, 8.3 and 9.3. One of the motivations for this approach was
the fact that the ensemble members in the EDA system are designed
to be equally skilful, which is to some extend confirmed in Chapter 5
(Fig. 5.4). If this condition should not be fulfilled (for instance, in case of
a multi-model ensemble where generally members have different skills),
weightings should be used depending on the member’s skill.

In the future, a comparison study between different inverse modelling
techniques could be performed to better assess the capabilities and un-
certainties related to inverse modelling. This could be performed for ex-
isting case studies (such as the announced nuclear tests by the DPRK, or
the 106Ru detections in autumn 2017) or for other or fictitious cases. The
comparison of methods would allow to better understand the strengths
and weaknesses of each method, and also to better interpret the different
results obtained in that way.

The uncertainty quantification was not validated for the inverse mod-
elling approach (although the validation of uncertainty in direct atmo-
spheric transport modelling is also relevant for the inverse modelling
problem). However, a formal validation could be performed by consid-
ering emission data from the medical isotope production facilities IRE
and CNL that were made available for research purposes. A set of cases
can be selected for which inverse modelling is applied to radioxenon ob-
servations of the International Monitoring System that are affected by
IRE or CNL. The findings of the inverse modelling can then be compared
with the stack emission data.

Finally, the optimisation method used here could be complemented by
Bayesian optimisation, which provides probabilities on the output in
a more natural way. Bayesian inversion has been explored at the end
of Chapter 9. This first analysis showed results that are in agreement
with the cost function methodology. A future study could incorporate
the uncertainties obtained from the ensemble method in the Bayesian
inference.
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