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a b s t r a c t

In the case of a nuclear accident, forecasting the spread of contamination is important for determining
whether contamination thresholds are exceeded. In this study we explore ensemble modeling for
forecasting threshold exceedance. This involves defining probability density functions for the most
import model drivers and parameters and creating an ensemble of models by drawing from them. We
test two ensemble modeling techniques, a simple Monte Carlo simulation (MC) and the particle filter. The
particle filter extends on MC by assimilating observations into the model as they become available in
real-time. In this paper we show that using a deterministic model run provides a false sense of accuracy.
Using ensemble modeling we can visualize the uncertainty in threshold exceedance by classifying the
95% prediction interval at each grid cell relative to the threshold into either higher, lower or not
distinguishable. In addition, we classify the grid cells relative to 4 multiples of the threshold (0.5, 1, 2 and
4), showing the sensitivity of the classification. Large changes between multiples indicate a small
prediction interval. By comparing MC to the particle filter we observe a reduction by a factor of up to 10.6
in uncertainty in the PDF of the spread of contamination. We also aggregate the results to the level of
a municipality, which might prove more informative to decision makers. Finally, we demonstrate that
errors in the PDFs of the most important model settings can degrade the performance of the particle
filter.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Manufacturing and processing of chemicals and other
substances takes place in densely populated areas worldwide.
Whilst such heavy industries produce products vital for our society,
they also present a risk to the general population. One example of
such a risk is the use of radioactive material in the production of
electricity. In recent times, media attention on nuclear power has
increased. One of the reasons is that nuclear power plants emit
negligible amounts of CO2.

In the event of an accidental release of radioactive material from
a nuclear power plant, good insight into the distribution of
contamination, i.e. effective dose (McDonald, 2001; ICRU, 1993), is
paramount (Hopmeier et al., 2010). In particular, decision makers
are interested to know which areas have received a radioactive
dose above a certain threshold, justifying counter measures such as
sheltering of the population. Atmospheric transport models
(Brandt et al., 2000; Wendum, 1998; Verver and De Leeuw, 1992)
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can be used to forecast the spread of radioactive material and
predict where and when threshold values might be exceeded. The
forecast depends heavily on the settings of the atmospheric
transport model, e.g. wind speed or released amount of radioactive
material. One option in configuring the model is to let an expert
choose the settings. This results in a single, deterministic, model
run.

This approach has a drawback: it does not provide a means to
assess the uncertainty in the prediction and the influence of this on
decision-making. The importance of accounting for uncertainty
when making decisions is stressed by studies in the fields of
weather forecasting (Roulston et al., 2006), medical sciences
(Briggs et al., 2002), hydrology (Krzysztofowicz, 1999; Cloke and
Pappenberger, 2009; Weijs et al., 2010; Warmink et al., 2010) and
atmospheric transport modeling (Draxler, 2003; Rao and Hosker,
1993). Especially when communicating the outcome of the model
to decision makers, making uncertainty explicit is very important.
As Draxler (2003) states: Deterministic model predictions provide
a sense of confidence that is not always supported by the underlying
model assumptions. These issues are well known among the model
developers and other experts but are frequently overlooked when the
model results are transmitted to the consumer of these products.
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Consequently, we argue that a single model run cannot describe
an accidental release accurately because of the uncertainties
surrounding the atmospheric transport model. We propose to use
a set, or ensemble, of atmospheric transport model runs to describe
an accident more realistically. Ensemble modeling using atmo-
spheric transport models has been done by only a small number of
studies (Hiemstra et al., 2011; Zheng et al., 2010, 2009; Gering,
2007). Furthermore, no study had a specific focus on using
ensemblemodeling in a decision support setting. Consequently, the
purpose of this study was to explore the application and limits of
ensemble dispersion modeling as a tool for decision support.

We used two ensemble-modeling strategies: a simple Monte
Carlo simulation (MC) and the particle filter. Monte Carlo (Iba,
2001) involves specifying probability density functions (PDFs) for
the most important settings of the atmospheric dispersion model.
Drawing realizations from these PDFs and running the model for
each realization of the model drivers and parameters leads to an
ensemble of models. The ensemble represents the range of possible
outcomes given the uncertainty in the model drivers and param-
eters. The particle filter (Hiemstra et al., 2011; van Leeuwen, 2009;
Risfic et al., 2004) builds on MC by integrating observations of dose
rate (H*(10), McDonald (2001); ICRU (1993)) into the model, i.e.
data assimilation.

In the most general sense data assimilation calculates the
probability distribution function (PDF) of for example radioactive
contamination by combining the PDFs of the computer model and
the observations. Combining the PDFs is generally done using
Bayes’ Theorem. This takes into account the error associated with
both the model and the observations. How, and under what
assumptions, this combination of PDFs is achieved differs between
data assimilation methods. Each of the methods has its advantages
and disadvantages when used on a certain model. One branch of
data assimilation algorithms used on atmospheric transport
models is the Kalman filter based methods. The Kalman filter
performs well for linear models (Simon, 2006). At an update
moment, i.e. a time step for which observations are available, the
Kalman filter uses Bayes theorem to combine the model state with
the observed state. This updated state is reinserted into the model,
which then propagates the system towards the next update
moment. To be able to use the Kalman filter for non-linear models,
a number of alternative implementations of the Kalman filter have
been proposed. For atmospheric dispersion modeling these include
the extended Kalman filter (Rojas-Palma et al., 2003) and the
ensemble Kalman filter (Zheng et al., 2010, 2009; Gering, 2007).
Despite these efforts, Kalman filter based methods might still fail if
the non-linearities are too large. In contrast, the particle filter is
well suited to deal with non-linear models (Iba, 2001; Simon,
2006). The particle filter solves Bayes’ theorem by comparing the
runs in the ensemble to the available observations, eliminating
poorly performing ensemble members and cloning well perform-
ing ensemble members. In addition to being suited for non-linear
models, the particle filter does not change the model state of
ensemble members as is done in the Kalman filter (Karssenberg
et al., 2010). This prevents inconsistencies within the ensemble
members, e.g. in terms of the total amount of radioactive material
present in a cloud at any given time. The price we pay for a fully
non-linear data assimilation method is a high computational cost
(Simon, 2006).

To test the applicability of ensemble modeling in operational
forecasting we face a number of challenges. One is to show that
using an ensemble modeling approach is better than using one
deterministic model run. In addition, an evaluation of the impact of
data assimilation on the ensemble results is needed. In this study
we did this by comparing a simple Monte Carlo simulation to the
particle filter. Also, using an ensemble modeling approach
quantifies the uncertainty in the model results, but also makes the
interpretation of the results more complex. Whether a threshold is
exceeded or not is no longer a simple, deterministic matter. To
make the results useful for decision support, they need to be
interpreted. One such interpretation step could be to aggregate the
results to the level of an administrative region instead of showing
the grid output from the model. Finally, using an ensemble
approach is only valid if the probability distributions for the model
drivers and parameters are correct. These challenges lead to the
following research questions:

1. What are the advantages and disadvantages of using ensemble
modeling compared to deterministic modeling?

2. Does the particle filter perform better than Monte Carlo
simulation?

3. What is the effect of upscaling to the scale of municipalities on
the maps used for decision support?

4. What is the influence of incorrectly specified model drivers or
parameters on the forecast?

We used a synthetic dataset, created using an atmospheric
transport model, as a case study. The run of the model consisted of
a low altitude release of radioactive material from the Dutch
nuclear power plant at Borssele. Using a synthetic dataset has the
advantage that we know exactly what the consequences of the
releasewere, i.e. where threshold values where exceeded. Hiemstra
et al. (2011) shows the use of ensemble dispersion modeling using
a real life case study, the ETEX tracer dataset (Nodop et al., 1998).
There are a number of software frameworks available for data
assimilation which simplify adapting existing models for data
assimilation (e.g. van Velzen and Segers (2010)). We adopted the
framework of Karssenberg et al. (2010) which includes the particle
filter.

This paper starts with the methods, covered by Sections 2e4. In
these sections we will deal with deterministic atmospheric trans-
port modeling, ensemble modeling, and interpretation of ensemble
modeling respectively. The results are presented in Section 5. After
that, our discussion of the results and the answers to the research
questions are described in Section 6.

2. Atmoshperic transport modeling

2.1. Model description

In this study we used the NPK-PUFF atmospheric transport
model (Verver and De Leeuw, 1992), which was developed at the
National Institute for Public Health and the Environment (RIVM) in
the Netherlands. NPK-PUFF is a Lagrangian puff model, which dis-
cretizes the continuous release of radioactive material in so called
puffs (Brandt et al., 2000). A puff can be seen as a Gaussian shaped
three-dimensional ellipsoid. The content of puffs is determined by
the content of the release, both by amount and type of nuclides. The
collection of puffs is advected according to the meteorological data
available to the model. In addition, deposition and radioactive
decay are taken into account. Using the collection of puffs, NPK-
PUFF can estimate the effective dose and dose rate (H*(10),
McDonald (2001); ICRU (1993)) at any location in the modeling
area.

2.2. Synthetic release scenario

In this study we chose to use a synthetic dataset generated by
NPK-PUFF as a case study. A synthetic dataset has the advantage
that the actual spread of contamination is known completely, thus
we knowwhere thresholds have been exceeded. In literature this is



Fig. 1. Map of the Netherlands showing the Dutch radiation monitoring network (þ)
and the power plant at Borssele in the southwest (�). The rectangle shows the study
area. The size of the study area is 86 � 78 km2.
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known as a perfect model scenario (Smith, 2000). A perfect model
scenario gives us the ability to evaluate the outcome when using
NPK-PUFF in forecasting mode. The case study represents a release
from the Dutch nuclear power plant at Borssele (Fig. 1). The
synthetic H*(10) observations are generated by the model for the
150 locations of the Dutch national radioactivity monitoring
network (Twenhöfel et al., 2005) (Fig. 1). The rectangle in Fig. 1
shows the area around the nuclear power plant that we focused
on in this study. We selected meteorological conditions with
predominantly southwestern winds, towards the center of the
Netherlands.

The composition of the synthetic case study was taken from one
of the reference releases defined for this nuclear power plant, PWR-
5 (Rasmussen, 1975). Table 1 shows the nuclides we used and the
amount of activity, which was released evenly distributed over the
4 h duration of the release. The mix of nuclides in Table 1 contains
nuclides important for calculating both the effective dose and
H*(10) accurately. Additional model drivers include release height
(30 m), vertical extent and thickness of the release (both 20m), and
heat content in the released radioactive material (0 MW).

To simulate measurement error for the synthetic H*(10) obser-
vations we added Gaussian distributed noise:

o ¼ oreal þ h; (1)
Table 1
Released amounts (Bq) of nuclides used to simulate the synthetic reality.

Kr-88 Rb-88 I-135 Cs-138 I-132 Kr-87 Xe-135

1.74Eþ17 1.91Eþ17 6.48Eþ16 4.04Eþ16 3.76Eþ16 6.71Eþ16 2.26Eþ17
I-134 I-131 I-133 Pu-241 Te-132 Cs-134 Cm-242

2.19Eþ16 4.20Eþ16 8.11Eþ16 1.21Eþ13 9.23Eþ15 1.87Eþ15 3.43Eþ12
where o is the vector of observations used for data assimilation, oreal
is the vector of H*(10) observations taken from the synthetic
release at the locations of the Dutch monitoring network, h

a random variable with N (0, so), and so the standard deviation of
the observations error. In this study we assumed that so equaled
10% of the observed value, oreal. The effective dose model output
was generated at a 1�1 km grid covering themodeling area shown
in Fig. 1.

2.3. Threshold exceedance

In the Netherlands, decisions on evacuation or sheltering of the
population are based on the effective dose calculated for the 48 h
following the release (Bader, 2010). If the effective dose exceeds
10 mSv in 48 h (Bader, 2010), the population needs to be sheltered.
Exceedance of 200mSv in 48 h requires evacuation (Bader, 2010). In
the synthetic release scenario, 200 mSv was not exceeded, so we
focus on the exceedance of 10 mSv, i.e. sheltering. Many other
counter measures could be considered in addition to sheltering and
evacuation. One such example is the distribution of KIO3 pills, also
known as iodineprofylaxis. In this study we limited ourselves to the
most common type of countermeasure. The approach used in this
paper can also be used for other counter measures. Fig. 2 shows the
area in the synthetic release scenario that exceeds 10 mSv effective
dose. This area will function as a reference for the ensemble fore-
casts in the remainder of the study.

3. Ensemble transport modeling

As opposed to a single deterministic run, we modeled atmo-
spheric transport using an ensemble of model runs. This ensemble
represents for each grid cell the probability distribution of the
spread of contamination. The ensemble was generated by selecting
the most important drivers and parameters of NPK-PUFF and
defining probability distributions for them, i.e. treating them
stochastically. Sampling from those probability distributions and
running NPK-PUFF for the sampled inputs and settings produces
the ensemble of runs. This procedure is known as Monte Carlo (Iba,
2001). Our next step was to use the particle filter to reduce the
uncertainty in the forecast of the spread of contamination using
Fig. 2. Synthetic dataset. TRUE area represents exceedance of a threshold dose of
10 mSv in 48 h following release. Dots show the Dutch radiation monitoring network.
Station 1209 is the station for which time series are shown in Fig. 4. In addition,
municipalities and water bodies are marked.
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observations. When observations are available, each ensemble
member is compared to the observations. Ensemble runs, or
particles, that perform well are allowed to continue and poorly
performing particles are eliminated. In the next sections we
provide more details on our use of a simple Monte Carlo simulation
and the particle filter.

3.1. Relevant model settings

To estimate forecast uncertainty, all relevant model drivers and
parameters need to be described by a probability distribution
function (PDF). On the other hand, treating too many parameters
and settings stochastically requires the number of realizations to be
very large, which would pose computational limits. Many realiza-
tions, i.e. a large ensemble, mean running the model often, which
could take too long in an emergency situation. The choice in
parameters is based on our expert judgment and on Eleveld et al.
(2007).

Advection in NPK-PUFF is mainly determined bywind speed and
wind direction at the small scale (hundreds of meters). The wind
vectors at this small scale are quite different from the coarse scale
HIRLAM vectors. Therefore, we had to downscale the coarse scale
wind vectors to the local scale, which was done by treating local
scale wind stochastically. We did this by adding local scale random
variations to the coarse HIRLAM wind vectors. Another important
process in NPK-PUFF is the diffusion of the radioactive material,
described by the lateral growth of the individual puffs. Lateral
growth of the puffs is related to the stability of the atmosphere. We
allowed lateral growth to vary by adding a new parameter to the
model that scales the lateral growth that NPK-PUFF calculates by
a factor Fg. Finally, the amount of released material is often uncer-
tain. Therefore, we treated this parameter stochastically.

Another candidate driver that is important within NPK-PUFF is
the height up to which the atmosphere is mixed, i.e. the mixing
layer height. A reduction of the height over which radiation is
distributed would lead to an increase in modeled radiation level.
The same amount of radioactive material spread over a smaller
volume causes this increase. In this study, we chose not to treat the
mixing layer height stochastically. The reasons for this are twofold.
First, mixing layer height influences wind speed and wind direc-
tion. However, these drivers are already incorporated directly. The
second reason is the low sensitivity of the results to the change in
mixing layer height. The expected range over which mixing layer
height could vary would lead to only minor changes in modeled
radiation level.

3.2. Monte Carlo

To generate the ensemble members for the simple Monte Carlo
simulation, we need to define the probability distributions for the
relevant model settings provided in section 3.1. We refer to these
PDFs as prior PDFs as these define our knowledge of those model
settings prior to having any observations. We base the variation in
wind speed and direction on 55 km � 55 km HIRLAM1 modeled
wind vectors relevant for ETEX. We scale the vectors (speed) and
rotate them (direction):

Fðx; tÞ ¼ FyðtÞ,MðtÞ,fhirlamðx; tÞ (2)

MðtÞ ¼
�
cosðqðtÞÞ �sinðqðtÞÞ
sinðqðtÞÞ cosðqðtÞÞ

�
(3)
1 see http://hirlam.org.
where x is location, t is time, F (x, t) is the random matrix with the
rotated and scaled wind vector, FyðtÞ the wind speed scaling factor,
M (t) the rotation matrix for wind direction, fhirlam (x, t) is the
matrix with the reference HIRLAM wind vectors, and q (t) is
a random variable containing the rotation angle for wind direction.
FyðtÞ is uniformly distributed between ½1=fyfy�, where fy is the
maximum scaling factor, which in this study was chosen to be 3.
The rotation angle is normally distributedNð0; sdirÞ, with sdir equal
to 20�. The reference HIRLAMwind fields where available every 6 h
from October 23 1994 12:00 onwards. Each ensemble member is
given unique meteorological conditions by drawing from FyðtÞ and
q every 6 h. We would like to stress that we do not draw random
wind vectors, but random perturbations on the HIRLAM wind
vectors. Draws from the PDFs of FyðtÞ and q (t) are constant in space,
i.e. one perturbation per ensemble member per time step, and
uncorrelated in time.

We treat the lateral growth of the puffs stochastically by intro-
ducing the scaling factor Fg, a random variable uniformly distrib-
uted between [1/fg, max, fg, max], fg, max is the maximum scaling
factor. For themaximum scaling factor fg, max we chose a value of 1.3
based on our expert judgment.

Finally, the amount of released material is treated stochastically
using an approach similar to the wind speed. We introduce
a release amount scaling factor described by the randomvariable Fr.
Drawing from Fr for each particle at the start of the run allows us to
vary the release amount between particles. Fr is a random variable
which is uniformly distributed between [1/fr, fr], where fr is the
maximum scaling factor. For fr we chose a value of 100, based on
our expert judgment. This scaling factor fr is larger than that of
lateral growth because more uncertainty is involved in the release
amount.
3.3. Particle filter

The particle filter (van Leeuwen, 2009; Risfic et al., 2004)
extends on the simple Monte Carlo simulation by implementing
a mechanism to use observations to reduce the forecast uncertainty
of radioactive contamination. At time steps when observations of
H*(10) from the monitoring network are available we apply Bayes
theorem:

PrðmijoÞ ¼ PrðojmiÞPrðmiÞPn
j¼1Pr

�
ojmj

�
Pr
�
mj
� (4)

where n is the number of particles, Pr (ojmi) is the probability of the
dose rate observations given that modelmi would be reality, Pr (mi)
is the prior probability or weight of particle i (resampling ensures
that this weight equals 1/n), and Pr (mijo) is the weight of particle i
after data assimilation, i.e. the posterior weight. Pr (ojmi) is also
known as the likelihood of the observations given the model. The
likelihood quantifies how probable it is to observe o, given that
model mi represents reality. Assuming a Gaussian distribution of
the observation error, we use the likelihood defined in Simon
(2006):

PrðojmiÞ ¼ exp

 
� ½o�miÞ�TR�1½o�mi�

2

!
; (5)

where o is the vector of observations,mi is the model results vector
and R the observation error covariance matrix. The off-diagonal
elements of R are zero, i.e. we assume independent observation
errors. The variance of the observation error, s2o , is given by the
diagonal elements of the covariance matrix R. We assume that s2o is
proportional with the observation value, leading to the following
structure for s2o:

http://hirlam.org
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s2o ¼ ða0 þ a1oÞ2 (6)

where a1 determines how fast the variance grows with the value of
the observation and a0 is the variance when the observed value is
zero. This means that even when no contamination is measured,
there is still a small amount of uncertainty, representing instru-
ment error (i.e. detection limit) at zero contamination. The model
might be capable of simulating lower values than this detection
limit, making a0 necessary in Eq. (6). From Eq. (1) we know that the
slope of Eq. (6) a1 ¼ 0.1. Furthermore, as a first guess we choose
a0 ¼ 5e�3, where H*(10) is in units nSv/h. When using a perfect
model scenario (Smith, 2000), i.e. observations are generated using
the model, the description of the observation in Eq. (6) has a simple
interpretation. The observation error is only caused by the error in
the observations. In real life forecasting, the observations are not
generated by the model. In this case the observations of contami-
nation are not easily linked to the forecasted contamination by the
model. This is caused by the fact that model and observations do
not share the same state space (Smith, 2000), an example is that the
model shows a much smoother distribution of contamination than
the observations (Hiemstra et al., 2011). In this case we can still use
Eq. (6), the interpretation however becomes more vague. The
observation error does not only contain the error in observed
contamination, i.e. measurement error, but also the error caused by
the fact that model and observations do not share the same state
space.

Combining Eqs. (5) and (4) and remembering that Pr (mi) ¼ 1/n
for all particles yields the posterior weight:

PrðmijoÞ ¼
1
n
PrðojmiÞ

1
n

Xn
j¼1

Pr
�
ojmj

� ¼ PrðojmiÞPn
j¼1 Pr

�
ojmj

�; (7)

The particle filter resamples the particles to obtain the posterior
PDF of radiation levels using the posterior weights calculated with
Eq. (7). In this study, we chose Sequential Importance Resampling
(SIR, Gordon et al. (1993)) to perform the resampling. SIR samples
a new set of particles where the probability that a particle is
resampled equals the posterior weight Pr (mijo) of that particular
particle.

Note that when generating the meteorological conditions, we
did not create the entire time series at once, but generated the
meteorological conditions as the model was run forward in time.
This ensured that each particle had unique wind fields, even after
resampling.

3.4. Incorrectly specified prior PDFs

To explore the influence of incorrectly specified prior PDFs of
model settings, we introduced a 20� bias in the PDF describing the
wind direction. We are interested to see (a) what the influence of
the incorrect prior PDF has on the results for threshold exceedance,
and (b) to what degree can data assimilation correct the bias in the
prior PDF and generate an accurate posterior PDF of the spread of
contamination.

4. Interpreting ensembles of results

4.1. Ensemble threshold exceedance

In this study we chose to adopt a method used in Pebesma and
De Kwaadsteniet (1997) and to some extent in Hiemstra et al.
(2009) to visualize threshold exceedance. For each grid cell the
prediction interval was calculated based on the ensemble of runs.
The bounds of the prediction interval were chosen as the 2.5 and
97.5 percentile of the values at each grid cell. We classified this
prediction interval, relative to the threshold, into one of three
possible classes: the interval is totally above the threshold (higher),
the interval is totally below the threshold (lower), or the threshold
is inside the interval (not distinguishable). In this study we assumed
that sheltering of the population is required if the classification is
either not distinguishable or higher. However, classifying the interval
relative to only one threshold has a drawback. The category not
distinguishable can indicate that the threshold could be exceeded
for as many as 95% of the particles, or for as few as 5% of the
particles, both values are in the range of the 2.5 to 97.5 percentile.
Furthermore, the classification does not provide information on the
width of the prediction interval.

To remedy this drawback, we followed Pebesma and De
Kwaadsteniet (1997) and classified the interval relative to three
additional thresholds, 0.5, 2, and 4 times the original threshold.
Areas where the classification changes with these additional
threshold relative to the original one, indicate that these areas that
are close to the edges of the prediction interval. In addition,
comparing the results of all four classifications provides insight into
the sensitivity of the classification to the threshold value. If the
classification does not change while changing the threshold, the
prediction interval is relatively wide.

4.2. Spatial aggregation of model results

From a modelers perspective, using a regular grid to present the
results of NPK-PUFF is logical. From the perspective of a decision
maker, e.g. a mayor, presenting the result per municipality is more
relevant. For example, emergency plans are often prepared per
municipality or some other administrative region and not per grid
cell. Presenting the results per municipality requires spatial
aggregation of the model results.

In this study we considered two options for spatial aggregation.
The first option involved calculating the mean value for each
municipality for each ensemble member. For each municipality,
this led to a number of means equal to the number of ensemble
members. Then we calculated the 2.5 and 97.5 percentile of these
means and classified those relative to the four thresholds, similar to
the approach in Section 4.1. The second option was to examine the
class of the grid cells and assign themost extreme class to the entire
municipality. In this context, higher is most extreme, followed by
not distinguishable and finally lower.

Taking the mean per municipality considers the average dose
the population of a municipality would receive. The actual dose to
an individual deviates from this mean, where some receive a dose
higher than the mean and some lower. When basing the decision
on sheltering on the mean value of a municipality, there are people
who receive a dose higher than the threshold and are not sheltered,
which is known as a false negative decision. Taking the most
extreme class is a much more conservative (safe) choice as the
highest dose in the municipality is used as a reference for all
individuals inside the municipality, eliminating the possibility of
a false negative decision.

5. Results

5.1. Case study

The case study simulates an accidental release from the nuclear
power plant at Borssele. We used NPK-PUFF in an ensemble frame-
work tomake three forecasts of the effective dose accumulated over
aperiodof48h following the release. Eachensemble runconsistedof
200 ensemble members. In the first forecast no observations of
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H*(10) ratewere used to improvemodel results, i.e.weused a simple
Monte Carlo simulation (MC). MC represents the forecast before or
just after the release has taken place. After the synthetic release,
observations became available every 30 min. The first particle filter
run, PF1, used only the first set of observations at 30 min after the
release for assimilation and thus represents a forecast at 30minpost
release. The secondparticlefilter run, PF5, usedall dataup to150min
into the release, i.e. data assimilation was performed at 30, 60, 90,
120 and 150 min into the release. This represented our forecast
calculated at 150min post release. The three runs (MC, PF1 and PF5)
represent different moments during the release, when more and
more observations become available for assimilation.

5.2. Deterministic versus ensemble modeling

Three examples of the simple Monte Carlo simulation ensemble
members are shown in Fig. 3. These members represent what
a deterministic run could look like. The runs are individual Monte
Carlo ensemble members and are all equally likely given the
probability distributions defined in Section 3.2. The runs each
provide a clear view of where sheltering is necessary or not. Of
Minutes sinc

H
*(
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) r
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e

e−18

e−16

e−14

e−12

e−10

e−8

e−6

e−4

MC

100 200 300 400 500 600 100 200

Fig. 4. Time series at station 1209 of H*(10) rate for the Monte Carlo simulation and partic
median value. Vertical lines show data assimilation moments. Note that the values on the
course each run gives no indication of its uncertainty and the runs
show a large variation in the area which should be sheltered. A
comparison of the runs to the to the synthetic reality in Fig. 2 show
that neither of the MC ensemble members individually provides
a good estimate of the sheltering area.

Fig. 4 shows time series of H*(10) rate for each ensemble run at
station 1209, see Fig. 2 for its location in the study area. The time
series shows the median and the 95% prediction interval for H*(10)
rate. The H*(10) rate goes up at the station, and lowers down to zero
at approximately 300 min into the release. Fig. 4 shows that the
uncertainty, i.e. the 95% prediction interval, becomes smaller when
observations are assimilated into NPK-PUFF.

Fig. 5 shows the results for the ensemble runs: MC, PF1 and PF5.
In contrast to the deterministic run in Fig. 3, the ensemble runs
quantify the uncertainty in the model output and do not show the
false certainty of the deterministic runs.

5.3. Simple Monte Carlo versus the particle filter

The difference between the simple Monte Carlo simulation and
the particle filter is the assimilation of data. There are two effects of
e release
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le filter runs. Shaded area shows the 95% prediction interval, the black line shows the
y-axis are log transformed.
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data assimilation visible in Fig. 5. One is that the area classified as
not distinguishable becomes smaller, going fromMC to PF5, and fits
much better with the real area exceeding the threshold, i.e. the
forecast improves. PF5 shows an improved fit in area exceeding the
threshold compared to PF1, which is explained by the larger
amount of observations assimilated in PF5. The second effect is the
reduction of the size of the prediction intervals, i.e. a reduction of
uncertainty. This is apparent from the much stronger variation in
area classified as not distinguishable for PF5 in contrast to MC, when
classifying against multiples of the threshold of 10 mSv. This is
confirmed by the results in Table 2. The mean prediction interval
width of the particle runs drops by a factor of 1.7 relative to MC for
PF1 and by a factor of 10.6 for PF5.

5.4. Upscaling of results

In this study, we examined two possible ways of aggregating the
results per municipality (an administrative region), which are
shown in Figs. 6 and 7, for more details see Section 4.2. Note that
the major water bodies running from east to west in between the
municipalities are not classified. This does notmean that this area is
classified as lower, but simply that they do not belong to any
municipality. These water bodies are marked in Fig. 2.
Fig. 5. Position of the 2.5 to 97.5 percentile prediction interval of three ensemble runs (M
multiples (0.5, 2 and 4). The polygon shows the area that is above 10 mSv/h in the synthe
The effects of assimilating observations in these figures is
roughly the same as for the grid based results of Fig. 5: the area
classified as not distinguishable becomes smaller and the width of
the prediction intervals decreases. This last effect is obvious from
the larger sensitivity of the classification when looking at several
multiples of the threshold.

The two aggregation methods differ in which municipalities are
classified asnot distinguishable. Aggregation using themean for each
municipality shows the most resemblance to the grid based results.
Note that there are municipalities that are only slightly covered by
contamination and thus classified as lower on a municipal level. In
contrast, aggregation using the most extreme class classifies much
more strictly. One grid cell classified as not distinguishable causes
that municipality to be classified as not distinguishable.

5.5. Incorrect prior PDFs

The final part of our study involved testing the influence of an
incorrect choice of the prior probability distributions of the atmo-
spheric transport model. Fig. 8 shows the classified grid map of
a run where a 20� bias was introduced in the wind direction. The
20� bias is obvious in the results. Assimilating observations makes
the area classified as not distinguishable smaller, but also introduces
C, PF1 and PF5) relative to the threshold of 10 mSv effective dose in the 48 h and 3
tic dataset of Fig. 2.



Table 2
Mean prediction interval width (2.5e97.5 percentile) averaged over all model grid
cells for MC, PF1 and PF5 and the factor of improvement compared to MC.

PI width Factor

MC þ0 min 7.21E-02 1.00
PF1 þ 30 min 4.36E-02 1.65
PF5 þ 150 min 6.80E-03 10.60

P.H. Hiemstra et al. / Environmental Modelling & Software 37 (2012) 78e89 85
false negative errors. In this example of an incorrect prior PDF, the
particle filter was not successful in correcting for the bias present in
wind direction.

6. Discussion and conclusions

6.1. Deterministic versus ensemble modeling

We consider ensemble modeling to be preferable to determin-
istic modeling for several reasons. First, the deterministic runs offer
no way of quantifying uncertainty, which is essential for decision
making (Roulston et al., 2006; Briggs et al., 2002; Weijs et al., 2010;
Fig. 6. Aggregation of the results over municipalities using the mean per municipality. Th
ensemble runs (MC, PF1 and PF5) relative to the threshold of 10 mSv effective dose in the 48
do not belong to any municipality and are not classified. The water bodies are more clearly
Draxler, 2003). Second, if we would trust any individual deter-
ministic run in Fig. 3, we would make a false positive and false
negative decision in a large part of the study area. Mainly false
negative decisions (no shelteringwhen it was needed) could lead to
health problems for individuals in those areas. Third, deterministic
modeling offers no formal way of using observations to improve the
forecast. The lack of formality introduces subjectivity on the part
the expert. Of course, an expert could choose the model settings
and compare the incoming observations to the model results and
adjust the settings of the model accordingly. However, making such
a comparison can be a daunting task, especially with many obser-
vations. This comparison will not be feasible in an operational
setting.

Ensemble modeling also has some drawbacks. One is that the
computational effort is much larger, which could be a problem
when a forecast is needed quickly. In addition, ensemble modeling
requires a number of settings that need to be configured. This
includes the number of ensemble members, the probability
distributions of the model settings and the uncertainty associated
with the observations. Especially this last point can be important
when assimilating real observations instead of synthetic
e category gives the position of the 2.5 to 97.5 percentile prediction interval of three
h and 3 multiples (0.5, 2 and 4). Note that the major water bodies running east to west
marked in Fig. 2.



Fig. 7. Aggregation of the results over municipalities using the most extreme class. The category gives the position of the 2.5 to 97.5 percentile prediction interval of three ensemble
runs (MC, PF1 and PF5) relative to the threshold of 10 mSv effective dose in the 48 h and 3 multiples (0.5, 2 and 4). Note that the major bodies ways running east to west do not
belong to any municipality and are not classified. The water bodies are more clearly marked in Fig. 2.
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observations (Hiemstra et al., 2011). In addition, when the proba-
bility distributions are incorrect, ensemble modeling is not going to
perform well. The advantage of the particle filter however, is that
determining all these settings can be done in advance, in a formal
way. Determining these settings can be done using expert judg-
ment or calibration of the model settings to historic releases, such
as the ETEX tracer dataset (Nodop et al., 1998). Finally, the results of
an ensemble run are harder to communicate to non-expert users.
Especially with the simple Monte Carlo simulation a non-expert
user could get the impression that it is hard to make a decision
at all.

In interpreting the results, we chose to convert the ensemble
into a prediction interval with a lower boundary (2.5 percentile)
and upper boundary (97.5 percentile). Choosing certain upper and
lower boundaries influences the classification of the results into
higher, lower or not distinguishable. This in turn could have an effect
on where counter measures are taken. Choosing percentile levels
means finding the right balance between risk to the general pop-
ulation and costs associated with taking counter measures. In case
of sheltering of the population, we can probably adopt quite
conservative percentile boundaries, may be even use the 0 and 100
percentiles. This is because the cost of a false positive decision
(unnecessary sheltering) is much smaller than a false negative
decision (no sheltering whilst needed), which could lead to fatali-
ties in the long run. In contrast, for evacuation this balancemight be
different. Evacuation of a significant number of people takes an
enormous effort, both inmoney and organization. In addition, mass
panic could also lead to injuries of the population or possibly even
fatalities. As with other settings for the ensemble model runs, these
decisions can only be taken by a group of experts and stakeholders.
Alternatively, an optionwould be to perform a quantitative analysis
which weighs all aspects associated to taking or not taking a certain
decision and determines the optimal decision, i.e. a multi-criteria
analysis (Pfeffer, 2003; Tamiz et al., 1998; Boender et al., 1989).

6.2. Simple Monte Carlo versus the particle filter

The forecast of threshold exceedance is improved greatly by
assimilating observations. The prediction interval becomes much
smaller for the particle filter runs in comparison to simple Monte
Carlo simulation, as shown in Table 2. This improvement is also
apparent in Fig. 5, where the area classified as not distinguishable



Fig. 8. Position of the 2.5 to 97.5 percentile prediction interval of three ensemble runs (MC, PF1 and PF5) relative to the threshold of 10 mSv effective dose in the 48 h and 3
multiples (0.5, 2 and 4) for a bias of �20� in the wind direction. The polygon shows the area that is above 10 mSv/h in the synthetic dataset of Fig. 2.
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decrease as observations are assimilated. In addition, the area for
false positive decision becomes much smaller, assuming that the
area that is classified as not distinguishable is sheltered. This means
that, after 150 min, sheltering of the population can be withdrawn
in those areas. Note that there is a small area where a false negative
decision could be taken. This could be remedied by increasing the
width of the prediction interval.

6.3. Upscaling of results

Upscaling of the results to a municipality level has a significant
impact on the spatial distribution of threshold exceedance. Taking
the mean of each ensemble member per municipality resulted in
some municipalities being classified as under the threshold, whilst
these municipalities contained some grid cells above the threshold.
Using the most extreme grid cell class for the entire municipality
represents the most conservative (i.e. safe) estimate of threshold
exceedance. If only one grid cell is above the threshold, the entire
municipality is sheltered. This approach trades the risk of making
a false positive decision for a decrease in the risk of a false negative
decision.

6.4. Incorrect priors

In Section 6.1 we discussed that configuring an ensemble
modeling setup such as the particle filter requires a lot of choices on
settings. One of those is the choice of the PDF for the most
important model settings. Fig. 8 shows that an incorrect PDF for the
wind direction has a profound effect on the forecast of threshold
exceedance. Also notice that assimilating observations does not
resolve this issue. Observations are successful in estimating the
amount of material released, apparent from the reduction of the
area that is classified as not distinguishable. However, the bias in the
wind direction remains and a false negative decision is made in
a large area. In conclusion, the forecast of an ensemble modeling
system can be severely degraded by a bad choice in PDFs of model
settings. We suspect that increasing the width of the PDF for wind
direction, even including the bias, would solve this issue. Obser-
vations would show that the particles at the edge of the PDF
perform well and select those for estimating the posterior PDF. Of
course, the total number of particles needs to be large enough to
ensure that enough particles are retained with a non-zero weight
for estimating the posterior PDF. In addition to widening the prior
PDF’s, we could lower the measurement error on the observations.
This would cause the particle filter to put evenmoreweight onwell
performing particles.

6.5. Implementational issues

In this study we made a number of assumptions about the
correlation structure of the random noise on the HIRLAM wind
vectors. To test these assumptions we used a dataset which con-
sisted of a year of 6 hourly HIRLAM wind fields and ground
observations every 10 min at the Vlissingen station. This station
was located in our study area, close to the nuclear power plant at
Borssele. In this dataset the coarse scale HIRLAM wind vectors are
compared to the observations, which follow the local wind vectors.
Therefore, this dataset is very suitable to test our assumptions on
correlations for wind vectors.

In generating wind fields we assumed that the random noise on
wind speed and wind direction was uncorrelated. We tested this
assumption by comparing HIRLAM modeled wind vectors to
observed wind vectors. The dataset showed low correlation (<0.05)
between the difference in wind speed (coarse HIRLAM minus



P.H. Hiemstra et al. / Environmental Modelling & Software 37 (2012) 78e8988
locally observed) and the difference in wind direction (coarse
HIRLAMminus locally observed). A second assumptionwas that the
noise on the wind vectors was uncorrelated in time. Analysis of the
dataset showed that this assumption is not completely valid. The
temporal correlation was between 0.75 (3 h lag) and 0.55 (6 h lag)
for the noise on wind speed, and between 0.45 (3 h lag) and 0.22
(6 h lag) for wind direction. Taking these temporal correlations into
account would increase the rate at which the ensemble grows apart
over time. This is because in this case noise on the HIRLAM wind
vectors is no longer uncorrelated, but tends to stay in a certain
direction or speed once it is drawn. This causes a more consistent
(over time) offset of the paths of the different ensemble members,
resulting in ensemble members growing apart faster. The increase
in growth ratewill spread the ensemblemembers over a larger part
of state space. When all else in the Monte Carlo simulation remains
constant, the error in the Monte Carlo ensemble will increase. In
addition, when observations are used, the particle filter will still
select the best fitting particles and perform about equally well.
Therefore, using correlatedwind vectors would further increase the
added value of using the particle filter over Monte Carlo simulation.

6.6. Particle filter in operational systems

This study shows an implementation of a prototype ensemble
forecasting and assimilation system. We argue that using an
ensemble modeling strategy helps to improve the decision support
capabilities of systems such as RODOS2, especially when combined
with multi-criteria decision management strategies such as
described in Geldermann et al. (2009). In our view a number of
issues are important when implementing the particle filter in an
operational decision support system:

� Great care must taken in defining the priors for the relevant
model settings. When an accident occurs, a database of priors
must exist that provides priors that are relevant for the
location of the release and for the meteorological conditions
at the time of the release. In the course of the release these
priors can be adjusted, but in the high-pressure situation just
following the release a good initial estimate should be
available.

� In the particle filter, the procedure that assigns the quality, or
weight, of the ensemble members is paramount. The most
important aspect in the weight function is the error of the
observations. In this study we used a synthetic dataset which
made defining this error relatively easy. However, in a real
case study more problems can be expected. For example, in
real life the observation error is not the only source of
discrepancy between model and observations. The difference
in support (representative area) between observations
(orders hundreds of meters) and the model (tens of kilome-
ters) makes comparison of these two hard (Hiemstra et al.,
2011).

� The particle filter is computationally expensive. To be able to
run the systemwith a near real-time setting great care should
be taken in parallelizing the computations. This can be done
using e.g. a cluster or using GPU based techniques (Owens
et al., 2008).

� Our case study uses 200 particles. Studies by van Leeuwen
(2009) and Snyder et al. (2008) suggest that a much larger
amount of particles is needed when using a simple resam-
pling particle filter such as used in this study. Themain reason
for the acceptable performance observed in our simulations is
2 see http://www.rodos.fzk.de/rodos.html.
the fact that our observations are drawn from a realization of
the model itself, i.e. a perfect model scenario. This ensures
that there is a much closer fit between the particles and the
observations, i.e. more particles have a high weight. For an
operational system, a larger number of particles may be
required, which seems feasible when running the simulations
on a standard cluster, with parallelization of model runs.
Alternatively, more sophisticated particle filter implementa-
tions could be used in order to reduce the number of required
particles, see e.g. van Leeuwen (2009).
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