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Abstract This chapter presents a multiscale data fusion method to estimate the
spatial distribution of radiation dose rates at regional scale around the Fukushima
Daiichi nuclear power plant. We integrate various types of radiation measurements,
such as ground-based hand-held monitors, car-borne surveys, and airborne surveys,
all of which have different resolutions, spatial coverage, and accuracy. This method
is based on geostatistics to represent spatial heterogeneous structures, and also on
Bayesian hierarchical models to integrate multiscale, multitype datasets in a con-
sistent manner. Although this approach is primarily data-driven, it has great flexi-
bility, enabling it to include mechanistic models for representing radiation transport
or other complex processes and correlations. As a first demonstration, we show a
simple case study in which we integrate two datasets over Fukushima City, Japan:
(1) coarse-resolution airborne survey data covering the entire city and
(2) high-resolution ground-based car-borne data along major roads. Results show
that the method can successfully integrate two datasets in a consistent manner and
generate an integrated map of air dose rates over the domain in high resolution.
A further advantage of this method is that it can quantify estimation errors and
estimate confidence intervals, which are necessary for modeling and for robust
policy planning. In addition, evaluating correlations among different datasets pro-
vides us with various insights into the characteristics of each dataset, as well as
radionuclide transport and distribution. The resulted maps have started being used
by local governments to plan the residents’ return, and they are expected to be used
for additional policy decisions in the future such as decontamination planning.
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1 Introduction

Radiation measurements and monitoring in the region around the Fukushima
Daiichi nuclear power plant (NPP) have been performed continuously since the
accident [1, 2]. Such mapping is essential for protecting the public, guiding
decontamination efforts, estimating the amount of decontamination waste, and also
in planning the return of evacuated residents. Radiation measurements have been
conducted using various techniques such as portable hand-held monitors, car-borne
surveys, and airborne surveys. Soil samples have been collected to assess the extent
of contamination in the terrestrial environment [3].

Despite such large-scale and continuous efforts, there are still significant chal-
lenges in mapping the radiation dose rates and radionuclide contamination. Detailed
ground-based measurements have revealed that the radiation dose rates and con-
tamination are both quite heterogeneous, often with many hotspots [4]. Although
many datasets are becoming available, it has been difficult to integrate those
datasets, since each type of data has a different level of accuracy and represents a
different support scale (i.e., spatial coverage and resolution). For example, although
ground-based car-borne data provide high-resolution air dose rates, car-borne data
are limited to the locations along roads [5]. Airborne surveys have been extensively
used to map dose rates in the regional spatial coverage (e.g., 100 km radius) [6];
such data are, however, known to exhibit some discrepancies with co-located
ground-based measurements. These discrepancies result mainly from the differ-
ences in support volume, since airborne measurements represent the average dose
rate over a much larger area (typically a several-hundred-meter radius) than
ground-based measurements (*several tens of meters).

In environmental science, monitoring and spatial-temporal mapping of various
properties—such as CO2 concentration, wind velocity or reactive transport prop-
erties in subsurface—have been the focus of extensive research. Although many
traditional datasets have been sparse in time and space, more recently available
datasets can cover large areas, such as remote sensing data in atmospheric/terrestrial
sciences and data from geophysical techniques in subsurface science. Such datasets,
however, are known to have some discrepancy with traditional point measurements,
because they tend to have a larger support volume (or lower resolution), such that
each pixel represents the average of heterogeneous properties in the vicinity.
Various approaches have been proposed to integrate remote-sensing or geophysical
datasets with traditional point measurements [7–9]. Many of them are based on
geostatistics, a powerful tool for characterizing spatial heterogeneity (or correlation)
structure based on available datasets [8–10]. In addition, a Bayesian framework is
often used to integrate different datasets consistently and also to quantify the
uncertainty associated with the estimated maps [7, 9].

In this study, we develop a Bayesian data-integration approach to estimate the
spatial distribution of air dose rates and radionuclide contamination in high reso-
lution across the regional scale (several kilometers to several tens of kilometers).
We integrate various radiation measurements, with particular focus on airborne and
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ground-based measurements. Geostatistical approaches are used to identify spatial
correlations and represent small-scale heterogeneity that is not resolved in the
coarse-resolution airborne data. We employ a Bayesian hierarchical model for
integrating the low-resolution airborne data and sparse ground-based data. We
demonstrate our approach using the airborne and car-borne datasets collected in
Fukushima City, Japan, in 2012. This integration aims to provide a more resolved
and integrated dose-rate map, and also quantify the uncertainty associated with the
map for modeling and for policy planning. This approach is now being used to map
the radiation dose rate in the Fukushima region, particularly in the evacuation zone
[11, 12].

2 Methodology

Our approach is based on a Bayesian hierarchical model [7, 8], which typically
consists of three types of statistical submodels: (1) data models, (2) process models,
and (3) prior models. The process models describe the spatial pattern (or map) of
dose rates within the domain, given the parameters defined by the prior models.
Geostatistical models are often used as process models based on the spatial
heterogeneity structure identified by available datasets. The data models connect
this pattern and the actual data, given measurement errors. These data models can
represent, for example, a direct ground-based measurement or a function of the
pattern—for example, spatial averaging over a certain area for a low-resolution
airborne dataset. The prior models determine the distributions or ranges of the
parameters based on pre-existing information. The overall model—a series of sta-
tistical submodels—is flexible and expandable, able to include complex correlations
(such as correlations with land use, soil texture, or topography) or various obser-
vations. Once all the submodels are developed, we can estimate the parameters, as
well as the radiation map and its confidence interval, using sampling methods or
optimization methods. To fully quantify the uncertainty, here we will use the
Markov-chain Monte-Carlo method. When the domain size and the number of
pixels are large, optimization-based methods will be used to obtain the mean
estimate and its asymptotic confidence intervals.

In this chapter, we show one simple example; the integration of airborne and
car-borne radiation measurements. We assume that each point of the airborne
measurements is the weighted average of radiations from radionuclides distributed
over the ground. To develop an integrated map, we denote the radiation dose rate at
i-th pixel by yi, where i = 1,…,n. We also denote two vectors, representing the
airborne data zA (each data point is represented by zA,j, where j = 1,…,mA) and
car-borne data zV (each data point is represented by zV,j, where j = 1,…,mV). The
goal is to estimate the posterior distribution of the radiation dose-rate map y (i.e.,
the vector representing the radiation dose rate at all the pixels) conditioned on two
datasets (zA and zV), written as p(y|zA, zV). By applying Bayes’ rule, we can rewrite
this posterior distribution as:
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p yjzA; zVð Þ / p zA j yð Þ p y jzVð Þ: ð1Þ

The first conditional distribution p(zA| y) is a data model representing the air-
borne data as a function of the dose-rate distribution y. We assume a spatial
weighted averaging function of the dose rate map:

zA;j ¼
X

i2Cj

wi;jyi þ ej: ð2Þ

where Cj represents the pixels within the spatial averaging range, wi,j is the weight
determined by the distance between i-th pixel and j-th airborne data point, and ej is
an error associated with each data point. We assume an inverse square distance
function for the weights, wi,j. The weight can be computed by radiation transport
equations [11].

The range is typically considered to be equal to the flight height, following Torii
et al. [6]. We assume that the error ej includes not only measurement errors asso-
ciated with hardware (such as instrument noises) but also the uncertainty associated
with other factors (such as the variable height of buildings, small-scale spatial
variability). In this example, we assume that ej follows an independent normal
distribution with zero-mean and the error variance rA can be determined from the
correlation analysis between two datasets.

As a process model, we assume that y is a multivariate Gaussian field described
by geostatistical parameters. For simplicity, we assume that the ground-based
measurements have insignificant errors compared to the airborne measurements,
and hence we use the ground measurements as conditional points to constrain the
distribution of y as p(y|zV). Since two conditional distributions are both multivariate
Gaussian, we can derive an analytical form of this posterior distribution as a
multivariate normal distribution with mean Q−1g and covariance Q−1, where
Q = Rc

−1+ATD−1A and l = lc + ATD−1zA [7]. In Q and g, lc and Rc are the
conditional mean and covariance given the ground-based data (zV) and geostatis-
tical parameters. D is the data-error covariance matrix; each of the diagonal com-
ponents is rA. The matrix A is n-by-mA sparse matrices, where Aij = wij if i-th pixel
is within the range Cj; otherwise Aij is 0. We may directly sample y or estimate the
mean (or expected) dose map by Q−1g. Although the example shown here is quite
simple, we may add more complexity, such as, for example, physics-based radiation
transport models (instead of weighted averaging) to represent the airborne data or
data-derived correlations between dose rates and land use or topography [2].

3 Demonstration

In this example, we applied the developed method to the air-dose-rate data collected
in Fukushima, Japan. We used the ground-based car-borne data from the second
car-borne survey (December 5–28, 2011; http://radioactivity.nsr.go.jp/en/contents/
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5000/4688/24/255_0321_ek.pdf), as well as the airborne data from the fourth air-
borne monitoring survey (October 22–November 5, 2011; http://radioactivity.nsr.
go.jp/en/contents/4000/3179/24/1270_1216.pdf). We assume that the effect of
radiocesium decay is negligible between the two surveys. The airborne data were
processed and converted to the values equivalent to the dose rate one meter above
the ground surface.

We first compare the co-located data values of the car-borne datasets to the
airborne datasets. Direct comparison (Fig. 1a) shows significant scatters in the
higher dose region, although the datasets are clearly correlated (the correlation
coefficient is 0.78). The car-borne data have larger variability (larger variance),
suggesting that small-scale variability is averaged out in the airborne data. When we
take into account the weighted spatial average for the airborne data (Fig. 1b), the
correlation improves significantly (the correlation coefficient is 0.84). We would
note that the airborne data values are systematically higher than the car-borne ones,
with and without spatial averaging. There are several possible reasons for such a
shift: (1) there could be calibration issues in the airborne data, and (2) the center of
roads (where the car-borne data are collected) is known to have lower contami-
nation than the side of the roads or undisturbed land. For demonstration purposes,
we assume that the car-borne data are still accurate representation of the radiation
map in this example.

Using the correlation between the airborne and car-borne datasets that we found
in Fig. 1, we determined the error variance rA a well as the shift factor. In addition,
geostatistical parameters were estimated based on the variogram analysis of the
car-borne datasets, representing the spatial correlation structure of small-scale
heterogeneity. Figure 2a shows the airborne survey data in the part of Fukushima;
the eastern portion of the domain has higher dose rates, possibly because the area

Fig. 1 Comparison between the car-borne data and airborne data: a direct comparison of data
values and b including spatial averaging for the airborne data
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lies along the initial plume direction and is also a forested area. By overlaying the
car-borne and airborne data (Fig. 2b), we see that the car-borne data show
smaller-scale variability than the airborne data, and that the airborne data overes-
timates the air dose rate. The estimated map (mean field) from the data integration
in Fig. 2c shows more detailed and finer-resolution heterogeneity than the original
airborne data (Fig. 2a). The systematic shift in airborne data was also corrected. As
shown in Fig. 2d, the estimation variance is smaller near the car-borne data points,
since the model includes spatial correlation.

Figure 3 shows the validation result to evaluate the performance of the data
integration and the dose-rate estimation. One hundred of the car-borne data are
excluded from the estimation, and used for validation purposes. Without the data
integration, the airborne data (blue dots) have large scatters and a systematic shift
compared to the car-borne measured data. After the data integration, the predicted
values (based on the both airborne and car-borne data at other locations) are tightly
distributed around the one-to-one line and are mostly included in the 95% confi-
dence interval. Figure 3 shows that this method successfully estimates the
fine-resolution dose-rate map based on the spatially sparse car-borne data and
coarse-resolution airborne data. Having such a confidence interval would be useful
for practical applications, such as estimating the range of the potential health effects
or estimating the decontamination waste volume.

Fig. 2 a Airborne dose-rate data over Fukushima City (December 2011), b car-borne data
(colored circles) over the airborne data (colored map), c the estimated integrated dose-rate map
(mean field) based on the developed data integration, and d the estimation variance. In all the plots,
the data values are log-transformed
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4 Summary and Future Work

In this chapter, we described a multiscale hierarchical Bayesian method for inte-
grating multiscale, multitype dose-rate measurements. As an example, we illus-
trated how this method could be used to integrate coarse-resolution airborne data
and fine-resolution (but sparse) car-borne data in a consistent manner, with the
estimation uncertainty quantified. Although the current example model is still
simple, results have suggested that the effective combination of ground-based data
and airborne data could provide detailed and integrated maps of radiation air dose
rates at regional scale around the Fukushima Daiichi NPP. In addition, this method
could quantify estimation errors or confidence intervals, representing the uncer-
tainty associated with the integrated maps. We also showed that statistical analyses
could provide various insights into both the characteristics of each dataset and the
spatial trend of contamination, which would be useful for predicting future radiation
levels at the regional scale.

Further improvement was made to improve the estimation approach by
including other information, such as the correlations between dose rates and land
use and/or topography [11]. Physics-based radiation transport models are used to
replace the spatial averaging function to accurately represent airborne data [11]. In
the future,spatiotemporal integration—by integrating spatially sparse but
continuous-time monitoring data and temporally sparse but spatially extensive data,
such as airborne data—will be carried out to provide a detailed map of the air dose
rate and radionuclide contamination at regional scale, at any given location and
time, including their confidence interval.

Fig. 3 Comparison between
the predicted and measured
air dose rates
(log-transformed) at the
car-borne data locations not
used for the estimation. The
red dots represent the
predicted values based on the
data integration method; the
blue dots are the airborne data
before the integration. The
blue line is the one-to-one
line; the red lines are the 95%
confidence intervals
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These integrated maps of radiation dose rates has started being used in the local
governments and agencies to plan the return of residents [12]. These maps can be
used to provide additional important measures with the estimates of upper and
lower bounds such as the expected cost and waste amount from decontamination.
Having the confidence intervals or the upper/lower bounds of those measures will
be helpful for planning the decontamination in more robust manner and also
preparing for the worst-case scenarios. In addition, the detailed map and its con-
fidence interval are critical to inform the public of the contamination level as well as
the progress of decontamination for better decision-making.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.
The images or other third party material in this chapter are included in the chapter’s Creative

Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.
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