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Abstract: Atmospheric dispersion models are used in chemical risk assessment studies to predict the potential consequences of toxic releases
into the atmosphere. Owing to the large public health and economic impacts at stake, the models need to be evaluated extensively. In this
study, emphasis is put on statistical evaluation of models compared to experimental field data. It is shown that risk assessment oriented
evaluations cannot exclusively rely on methodologies traditionally used in air quality model evaluations. Some features of a methodology
better suited to risk assessment specificities are outlined.
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INTRODUCTION
The threat of chemical, biological and radiological (CBR) terrorist attacks on civilian or military populations has been given
much attention in recent years. Such attacks involve releases of potentially highly toxic substances into the atmosphere,
which may produce adverse effects on the population. CBR risk assessment activities aim at predicting potential
consequences of such scenarios, using transport and dispersion models. Risk assessment must emphasize its operational
purpose in order that the model outputs can be used for decision making by the military community or homeland security
services. If possible, risk assessment shall also produce an estimate of the uncertainty associated with the model’s results.
The models have to be evaluated to assess the confidence level one can put into their predictions. In this study, emphasis is
put on statistical evaluation of models compared to experimental field data. The Kit Fox experiment (WRI, 1998) was chosen
because it includes short-scale instantaneous or finite duration releases implying non-stationary transport and diffusion in an
environment where some complex effects are expected. Hence, Kit Fox is representative of risk assessment scenarios.
The study presented here focuses on chemical risk assessment. The model which has been tested is HPAC (DTRA, 2004).
The aim of the study is not to assess absolute model performance but rather use the evaluation results to investigate new
methodologies for model evaluation, which would consider risk assessment features better than usual methodologies do.
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KIT FOX FIELD EXPERIMENT
The Kit Fox field experiment is a series of short-duration dense gas CO2 releases conducted in 1995 at the US Department of
Energy Nevada Test Site. The flat desert surface of the area was artificially roughened by means of two arrays of obstacles:
the ERP (Equivalent Roughness Pattern) near the source as shown by the dashed rectangle in 0, and the URA (Uniform
Roughness Array) represented by the outer solid rectangle. The roughness length was about 0.12-0.24 m for the ERP and
0.01-0.02 m for the URA. The roughness length of the surrounding flat desert was about 0.0002 m (Hanna, S. R. and J. C.
Chang, 2001).
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Figure 1. Plot plan of the Kit Fox experiment

HPAC
HPAC is a software from the US Defense Threat Reduction Agency used for assessing consequences of hazardous releases
into the atmosphere. The dispersion capability of HPAC is provided by SCIPUFF (Sykes, R. I., S. F. Parker et al., 2006), a
Lagrangian model in which Gaussian puffs are used to represent the concentration field. The gridded meteorological data
required by SCIPUFF is calculated by one of the two optional diagnostic wind-field models: MC-SCIPUFF or the more
complex SWIFT model. SCIPUFF uses a second-order turbulence closure scheme to derive the predicted dispersion rates
from velocity fluctuation statistics. The closure scheme is also used to estimate the variance of the statistical distribution of
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concentration. Based on a theoretical form for the distribution, probabilistic results can be provided. Due to its ease of use
and low computational times SCIPUFF is one of the first operational dispersion models with such probabilistic capabilities.
HPAC (version 4.04 SP4) was run against the 52 Kit Fox trials. The modelling domain was a 420 m × 420 m square covering
the URA roughness pattern and all the meteorological stations. A 42 × 42 cells grid was used to represent the varying
roughness in the dispersion area. The model was run under numerous configurations (various source term models, input data,
configuration parameters). The results presented in this study were all obtained with the following parameters:
•
Source term: stack release (stack height set to zero to mimic a ground surface source)
•
Meteorological data: all stations and vertical levels used, 20 s averaged data, SWIFT wind-field model
•
Conditional averaging time and meteorological observation time bin size left to default values
•
Sensible heat was calculated from Hanna, S. R. and J. C. Chang (2001).
In order to compare HPAC to the high frequency observations, the model was run with an output frequency of 1 s.
PERFORMANCE MEASURES FOR KIT FOX
Arc max concentration (MVK protocol)
The Model Validation Kit (MVK) is a package of datasets and software for evaluation of atmospheric dispersion models
supported by the European Initiative on “Harmonization within Atmospheric Dispersion Modelling for Regulatory purposes”
(Olesen, H. R. and J. C. Chang, 2005). The MVK includes a statistical tool (BOOT) based on the work of (Hanna, S. R., J. C.
Chang et al., 1993). The MVK emphasizes evaluation based on arc max or crosswind-integrated concentrations even if the
BOOT software has a more general scope. For the sake of consistency with the MVK, comparisons of arc max concentrations
were made first and are presented in Table 1. Instantaneous and 20 seconds moving averaged concentrations were
considered. Following Hanna, S. R. and J. C. Chang (2001), the trials were split into four blocks.
Table 1.

Typical FAC2 values (%) and their 95% confidence intervals, based on comparisons of predicted and observed arc max
concentrations for Kit Fox - FAC2 is the fraction of predictions within a factor of two of measures.

Block
results

ERP puff
ERP continuous
URA puff
URA continuous
Overall results

Instantaneous concentration
63.5[49-76.4]
54.2[32.8-74.4]
65.5[54.3-75.5]
45.8[29.5-58.8]
59.2[52.1-65.9]

20s moving average concentration
50[35.8-64.2]
45.8[22.1-63.4]
66.7[55.5-76.6]
41.7[27.6-56.8]
54.3[46.8-60.8]

This methodology is widely used in air quality modelling where the peak concentration is of interest for regulatory
applications. However it might prove inappropriate in risk assessment. Firstly the arc max value is not the most relevant
variable of concern. It is indeed more important to know what happens on the borders of the cloud rather than in the centre.
In a first attempt to satisfy this condition one can consider doing point-to-point comparisons. Secondly, concentration cannot
be directly related to a toxic effect so variables in closer connection to toxicity should be used instead, as explained hereafter.
Effect-related variables of interest for model evaluation
Acute inhalation toxicity of chemicals is a nonlinear function of concentration and duration. The usual relation suggests that a
given level of effect is reached by a fixed value of dosage Ct (concentration integrated with time) Owing to frequent
departures from this relationship, a more general description may be adopted (ten Berge, W. F., A. Zwart et al., 1986):
t

TL (t ) = k where TL(t ) = ∫ [C (ξ )] dξ
n

(1)

0

TL is the toxic load (also written Cnt). The exponent n depends on the substance and the effect. Typical values for n are in the
range 0.5-4 (ten Berge, W. F., A. Zwart et al., 1986).
Statistical distribution of the population response to toxic load is usually lognormal (Sommerville, D. R., K. H. Park et al.,
2006), which means that equation (1) can be extended to a cumulative distribution function (cdf) of the population function
and then linearized using a probit function (Finney, D. J., 1971) to give:
(2)
Y = a.Ln C n t + b
Where Y is the probit value associated to the impact on the population;
a, b and n are constants depending on the effect and the toxic agent, determined by analysing experimental data.
For a toxic agent where a, b and n are known, the fraction Φ of the population suffering effect for a given toxic load (TL) can
then be inferred from the cumulative distribution function of a standard normal distribution:
1
 a. ln(TL) + b 
(3)
Φ (TL) = 1 + erf 

2
2


Chemical risk assessment studies consider agents of variable toxicity, from toxic industrial chemicals to highly toxic warfare
agents. In order to investigate the validity of our approach over a large toxicity range, a hierarchy of substances was
established by firstly ranking them into four classes, from the least to the most toxic, and then choosing a representative agent
in each class. The criterion for establishing the classes is based on AEGL-3 values for a 10-min exposure time (Acute
Exposure Guideline Levels). The AEGL-3 values were retained as they represent a widely accepted threshold. The 10-min
exposure time is typical of accidental releases. Table 2 summarizes our choice.

( )
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Table 2.

Rank
I
II
III
IV

Description of the four classes spanning the toxicity range of chemical agents, and properties of a representative agent in each
class. Probit parameters are taken from INERIS (2003; 2008)

Classes
AEGL-3 10 min range
(mg/m3)
Low
AEGL-3>500
Moderate
50<AEGL-3<500
High
5<AEGL-3<50
Very high
AEGL-3<5
Toxicity

Benchmark agents
Probit parameters (C in ppm, t in min)
a
b
n
Ammonia NH3
2.17
-47.4
1.83
Hydrogen fluoride HF
2.63
-29.9
1
Phosphine PH3
16.81
-120.89
0.5
Arsine AsH3
2.65
-26.08
1.18
Agent name

Point-to-point comparisons based on effect-related variables
Dosage or toxic load can be inferred from the concentration time series using equation (1). Paired-in-space predicted and
measured dosage and toxic load for the four benchmark agents were performed and the results are presented in Table 3.
Table 3.

FAC2 values (%) and their 95% confidence intervals for the same model configuration as in Table 1. In order to remove the
smallest values from evaluation a cut-off dosage value of 1 ppm.s was used.

Cnt
HF
21.6[18.6-24.6]
23.3[19.2-27.8]
30.4[27.4-33.5]
36[32.5-39.6]
28.4[26.7-30.1]

Ct
Block
results

ERP puff
ERP cont.
URA puff
URA cont.
Overall results

21.1[18.2-24]
22.9[18.7-27.1]
29.5[26.6-32.5]
35.5[32-39.1
27.8[26.1-29.5]

NH3
13.8[11.4-16.4]
13.1[9.7-16.6]
18.3[15.8-21]
20.4[17.4-23.4]
16.9[15.5-18.3]

PH3
33.9[30.4-37.4]
34.9[30.1-39.8]
55[51.4-58.3]
61.2[57.3-64.7]
47.8[45.9-49.7]

AsH3
19.2[16.4-22.1]
22[17.8-26.2]
26.1[23.2-29]
29.9[26.5-33.3]
24.6[23-26.2]

As already explained above, the main purpose of the study is to investigate how model performance may be influenced by the
evaluation objective. Table 3 shows overall poor performance compared to Table 1. Pairing in space is indeed more stringent
than just comparing arc max values. Only FAC2 was presented here for illustration but the same conclusions are obtained
with the other basic performance measures of the BOOT software. It is to be noted that the FAC2 decreases as the n exponent
increases, as more weight is given to the uncertain concentration when n is increased.
Suggested use of effect-related variables in model evaluation
Fraction of population affected

1

One may wonder whether dosage or toxic load are the
most appropriate variables, and whether usual criteria
such as FAC2 are applicable for a risk related evaluation
framework.
The fraction of fatalities can be directly inferred from
toxic load using equation (3). 0 illustrates this for the four
benchmark agents. Note that this representation may be
deceptively giving the impression that arsine (AsH3) is
not the most toxic agent, and yet it is.
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Figure 2. Population response as a function of toxic load

The curves in 0 all exhibit the same pattern which can be broken down into three distinct parts: two plateaus (“no effect” and
“full effect”) connected by a very sloping part. The slope is seemingly not very different from one substance to the other, the
main difference being the threshold at which it starts. Let C5 and C95 be the concentrations for respectively 5% and 95% of
population response. The ratios r=C95/C5 for NH3, HF, PH3 and AsH3 are respectively 2.29, 3.48, 1.47, and 2.85. It is to be
noticed that even though C95 and C5 are both functions of exposure duration, C95/C5 is a constant value for each agent.
These ratio values show that the population response only changes on a very narrow range of concentration. A more
extensive investigation should be made to confirm this statement over a broader number of agents but our experience shows
that C95/C5 hardly ever exceeds 5. A small C95/C5 ratio implies that a slight error in model’s predictions might have
important consequences if the measured data is in the range C5-C95. Conversely large errors in the steady parts may not
impair the accuracy of model prediction.
Owing to the relatively small values of r, statistical criteria such as FAC2 may prove inappropriate. More generally, usual
performance measures such as FAC2, FB, NMSE (Chang, J. C. and S. R. Hanna, 2005), which emphasize the amplitude of
the differences measure / prediction, fail to elicit the non linear influence of a given difference measure / prediction on the
overall model performance. For this reason it is suggested in the following to introduce toxicological laws into the evaluation
methodology and to compare predicted and measured fractions of affected population. Recognizing that the most important
in risk assessment is to know whether a model is able to predict the contours of effect at various population response levels,
we suggest comparing predicted and measured fractions of population based on a given incidence level.
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The results can be presented in a contingency table as shown on the left part of 0. To get the contingency table, one has to
calculate for each monitor whether the beforehand fixed incidence level is exceeded or not, by the measures and the model.
Several performance criteria may be defined as shown on the right part of 0.
Event observed?
Event predicted?
Yes
No
Total

Yes

No

A
C
A+C

D
B
D+B

Total

A+D
C+B
N = A+B+C+D

R fp =

D ,
D+B

R fn =

C ,
A+C

Rga =

A+ B ,
N

Rba =

C+D
N

Rd =

A
A+C

Figure 3. Left: contingency table for a fixed incidence level. Right: several measures based on contingency tables (Fienberg, S. E., 1980):
Rfp = false positive rate, Rfn = false negative rate, Rd = detection rate, Rga = good analysis rate, Rba = bad analysis rate.

Table 4 shows the results obtained for the four benchmark substances with exactly the same model configuration as that used
to obtain Table 1 and Table 3. The incidence level was set to 1%.
Table 4.

Lethal effect for comparisons based on a variable representing the statistical population response and a 1% incidence level. n.s.:
not significant (NH3 is not toxic enough for inducing significant overlap, false positive and false negative values.

Agent

Rd

R fn

NH3
HF
PH3
AsH3

R fp

n.s.
82%
80%
72%

Rba

R ga

n.s.
18%
20%
28%

n.s.
6%
17%
19%

n.s.
93%
98%
79%

n.s.
7%
2%
21%

The overall results show false negative rates under 30%, detection rates over 70%, false positive rates under 20%, good
analysis rates over 75% and bad analysis rates under 25%, which seems encouraging. But what is most important is that these
criteria are more suited to the expectations of operational users than usual statistical criteria are.
There is a similarity between the proposed criteria and the Measures of Effectiveness MOE (Warner, S., N. Platt et al., 2001)
where contour areas are compared. Because of the limited spatial resolution of concentration monitors in most field
experiments, point-to-point data summation is suggested as a substitute for the area estimates (Chang, J. C. and S. R. Hanna,
2005), thus allowing to calculate the variables of the contingency table in a relatively straightforward manner. However, to
build Table 4, we have not used point-to-point data summation because the latter approach emphasizes the amplitude of the
difference between measure and prediction. Data summation is an unnecessary stringent condition in risk assessment
evaluation, and it does not consider the non linearity of the population response to toxic load. For these reasons, it is
suggested that data summation be replaced by a simple counting of individuals exceeding or not a beforehand fixed incidence
level (fraction of population). Acting so permits to give the same weight to a big or a small overestimate (or underestimate).
The results in Table 4 were obtained with this method and the results appear fairly good.
INCLUDING CONCENTRATION FLUCTUATIONS IN RISK-ORIENTED MODEL EVALUATIONS
The work presented before focuses on model’s mean results compared to experimental data. It could be extended to include
inherent uncertainties, which is an important concern of operational decision makers. A risk-oriented model evaluation
should indeed take this into account. Elements for consideration are suggested hereafter.
The atmospheric boundary layer is random by nature so a fully deterministic prediction of pollutant dispersion cannot be
achieved, even with a “perfect” model. Most models provide a mean result, representing the average of the ensemble of all
possible random realizations for a given set of input parameters. Conversely, observations are individual realizations of the
ensemble. Thus, comparing a mean prediction to an experiment amounts to introducing an arbitrary bias into the evaluation.
It should be investigated how SCIPUFF probabilistic capabilities can be used in risk-oriented evaluations to remove this bias.
SCIPUFF calculates the first and second moment of the instantaneous concentration distribution. Then the probabilistic
prediction for concentration is achieved by assuming a clipped normal distribution (Lewellen, W. S. and R. I. Sykes, 1986).
Other authors suggest that a left-shifted and clipped gamma distribution be used (Yee, E., 2008). The concentration time
series shown in 0 below illustrate an example of probabilistic predictions obtained with HPAC against Kit Fox.
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Figure 4. Modelled time series of concentration statistical distributions using a left-shifted clipped gamma distribution (left picture) or a
clipped normal distribution (right picture) based on HPAC predictions of mean and variance.

28

HARMO13 - 1-4 June 2010, Paris, France - 13th Conference on Harmonisation within Atmospheric Dispersion Modelling for Regulatory Purposes

If HPAC were a perfect representation of reality, 90% of the observations would lie within the uncertainty intervals shown on
0. For risk assessment purposes, one would need to build the dosage or toxic load distribution from the known concentration
distribution but this is not easily achievable. Indeed the concentration pattern shown in 0 corresponds to a time series of
correlated random variables. For each time step, SCIPUFF calculates the mean and variance as well as the integral timescale
for the concentration fluctuations from which a covariance matrix can be constructed (two-time point statistics). Hence,
dosage is a random variable resulting from the sum of correlated random variables, and there is no way to calculate the
theoretical distribution of it. SCIPUFF only provides mean dosage and (under some assumptions) dosage variance but
knowledge of a theoretical dosage probability density function is lacking before going further into probabilistic predictions. It
is even worse for toxic load because variance is unknown. A possible answer would be to derive many realistic concentration
time series from the uncertainty intervals, calculate toxic load and population fraction for each, then build empirical
distributions. This would imply developing a sampling method of correlated variables. This work has not been investigated
yet.
CONCLUSION
Risk assessment activities for military or homeland security require that the dispersion models be able to provide features
such as the contours reached by a given toxic effect. Statistical evaluations of models used in this context have to consider
this specificity. The Model Validation Kit protocol focuses on arc max or crosswind integrated concentrations, which makes
it a tool better suited to air-quality applications than risk assessment. In this study, we try to outline the main features for the
development of a risk assessment oriented evaluation methodology.
We suggest dealing with variables closely related to the acute inhalation toxic effects suffered in a population. The most
useful variable of interest is the fraction of population affected. To calculate it, a toxicological model for the distribution of
the population response is used and tested against several toxic substances covering a wide toxicity range. We found that the
population response exhibits a similar pattern for all products. Using this feature combined to contingency tables and
detection based criteria, it is shown that models can exhibit poor performance in point to point comparisons with usual
criteria, and though be fairly rated when using the suggested approach. The latter focus on what is really important for risk
assessment. In particular, unnecessary stringent conditions are removed, such as the amplitude of measure / prediction
discrepancies.
Dispersion in the atmospheric boundary layer is a random process which involves inherent uncertainties. Owing to this, a part
of the measure / prediction discrepancies may not be ascribed to the model. Hence, the work presented here should be
extended to include uncertainties due to concentration fluctuations. Some dispersion models like SCIPUFF are designed to
provide probabilistic concentration fields. This capability could be used to investigate the statistical distributions of riskrelated variables such as the fraction of population suffering adverse effect. Due to great complexity, this work has not been
done yet.
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