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A Probabilistic Risk Assessment for Field Radiography
Based on Expert Judgment and Opinion
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A probabilistic approach was applied to assess radiation risk associated with the field radiography using gamma
sources. The Delphi method based on the expert judgments and opinions was used in the process of characterization
of parameters affecting risk, which are inevitably subject to large uncertainties. A mathematical approach applying
the Bayesian inferences was employed for data processing to improve the Delphi results. This process consists of
three phases: (i) setting prior distributions, (ii) constructing the likelihood functions and (iii) deriving the posterior
distributions based on the likelihood functions. The approach for characterizing input parameters using the Bayesian
inference is provided for improved risk estimates without intentional rejection of part of the data, which demonstrated
utility of Bayesian updating of distributions of uncertain input parameters in PRA (Probabilistic Risk Assessment).
The data analysis portion for PRA in field radiography is addressed for estimates of the parameters used to determine
the frequencies and consequences of the various events modeled. In this study, radiological risks for the worker and
the public member in the vicinity of the work place are estimated for field radiography system in Korea based on

two-dimensional Monte Carlo Analysis (2D MCA).
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I. Introduction

Radiation risk can be calculated using by crisp estimates
of the exposure variables (e.g., source term, exposure time,
distance, exposure frequency). The parameters of the various
risk models used in the probabilistic Risk Assessment (PRA)
are not exactly known because of the scarcity of data.
Therefore, the expert role provides valuable information
through his or her decision within the framework of the
availability of the data which are uncertain and limited, but
certainly needed for the analysis. Applicable areas are
diverse, including nuclear engineering, aerospace, various
types of forecasting (economic, technological, meteorology
cal, and snow avalanches), military intelligence, seismic risk,
and environmental risk from toxic chemicals."?

PRA is a tool for quantitative estimation of risk and
associated uncertainties. The prevailing method in PRA is
Monte Carlo analysis (MCA), which is a means of
quantifying uncertainty of variability in a probabilistic
framework using computer simulation. MCA methodology,
as well as its application to risk analysis, has been reviewed
and detailed in Cullen and Frey(1999), Morgan and Henrion
(1990), and elsewhere.>® Furthermore two-dimensional
Monte Carlo analysis (2D MCA) is a natural extension of
one-dimensional Monte Carlo analysis (1D MCA)*™® | which
can provide information on uncertainty and variability in the
estimates.

In this study, radiological risks for the worker and
member of the public in the vicinity of the workplaces of
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field radiography in Korea are estimated based on the 2D
MCA. The data analysis portion for PRA is addressed for
estimates of the parameters used to determine the
frequencies and consequences of the various tasks and events
involved in the job. The Delphi survey and the Bayesian
update technique are employed in characterizing uncertain
variables.

I1. Materials and Method

In determination of variables and their values
characterizing risk associated with field radiography tasks,
the Delphi method based on expert judgment was employed.
Bayesian approach was used to solve the problem of
behavioral approaches for Delphi technique. The batch fit
function of Crystalball, which provides optimized
distributions of variables using the Chi-square testing, is
used to set distribution of input variables.” Uncertainties in
the risk results were analyzed by applying 2D MCA based
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Fig. 1 The brief flow chart to estimate radiological risk
assessment of field radiography.
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on the probabilistic inference. The brief flow chart to
estimate radiological risk assessment of using task in the
field radiography is shown in Fig. 1.

1. Delphi Method

The Delphi method is by far the most known method for
eliciting and synthesizing expert opinions'®'" and has been
proven as a popular tool in information systems research for
identifying and prioritizing issues for managerial
decision-making.'” A three-stage Delphi survey has been
tried out for this work. Twenty expert panel members for this
survey divided into two groups of equal sizes; one from a
regulatory institution, the Korea Institute of Nuclear Safety
(KINS), and one from companies doing field radiography
works. The Delphi questionnaire consisted of the general
questions for ensuring the professionalism of the experts and
the detailed questions for determining the factors needed for
risk assessment.

2. Bayesian Update

The expert judgment information formulates a prior
distribution that is combined with the sample data and its
distribution by applying Bayes theorem to form a posterior
distribution that reflects a composite of all the available
information. The major disadvantage of this approach is that
probability distribution functions are needed for both the
expert judgment data and for the existing data. The process
of combining these distributions can be mathematically
difficult. Instead, the Markov Chain Monte Carlo (MCMC)
simulation approach was used in calculating the posterior
result with aid of the Crystalball’s batch fit function, which
provides optimized distributions of variables using the
chi-squared Goodness-of Fit statistics. The WinBUGS
package based on the MCMC method was used for deriving
the posterior distribution."”
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Fig. 2 Bayesian update flow chart.
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Updating based on the Bayesian inferences was employed
for data processing to improve the Delphi results. This
process consists of three phases: (i) quantifying prior
distribution, (ii) constructing likelihood function and (iii)
deriving posterior distribution based on likelihood function
incorporated with the prior distribution. The flow chart of
Bayesian update is shown in Fig. 2.

3. Two-dimensional Monte Carlo analysis

The 2D MCA is often used in risk analysis accompanying
an uncertainty analysis that requires variability to be
distinguished from other types of uncertainty'*'®. The
probability density functions (PDFs) used to describe the
variability in the model has some certain degree of
uncertainties. The 2D MCA addresses two types of variable;
U-type in relation to uncertainty and V-type in relation to
variability. The number of runs used was equal to 10,000 for
the inner loop calculations for variability and 250 for outer
loop calculations for uncertainty, which generated a total of
250 cumulative distribution functions (CDFs).

4. Event Tree

The event trees for normal using task and for accidents
were constructed by taking into consideration of expected
incidence factors of exposure events obtained through
consultation to and interviews with workers and experts in
this field. The event tree for normal using only is illustrated
in Fig. 3.
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Fig. 3 Event tree and probability for Using task in field
radiography.

I1I. Results and Discussion

The input data of 110 were obtained through the
three-stage Delphi survey. The results of risk estimates based
on 1D MCA using the Delphi panel responses for tasks are
shown in Fig. 4. Generally, conservative risk estimates are
obtained with the input from experts in the regulatory
institution (KINS) compared with those with input from
experts from companies.

The overall risks after the Bayesian updating of the inputs
are compared with both those without updating (3™ Delphi
survey) and those resulted from the estimation employing
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results, and this is given in Fig. 6.
Confidence limits for the 2.5™, 5™ 10™, 25" 50" 75"
90™ and the 97.5™ percentiles of the radiological risk for the
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public member and the worker due to normal task are given
in Fig. 7.

IV. Conclusion

The expert role provides valuable information through his
or her decision within the framework of the availability of the
data which is uncertain and restrictive, but certainly needed
for risk analysis. In this study, the Delphi survey was tried out
for obtaining the expert decisions, and the risks of the public
and the workers were evaluated by the input characteristic.
The approach characterizing input parameters using the
Bayesian inference provided more improved risk estimates
without intentional rejection of part of the data. The Bayesian
updating of distributions of uncertain input parameters is then
recommended as a useful tool in probabilistic risk analysis to
provide more informative output. Also, it is expected that the
results of this study can be used as a reference in developing
the strategy for risk informed regulations over the field
radiography practices.
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