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Abstract
Tephra falls can disrupt critical infrastructure, including transportation and electricity networks.
Probabilistic assessments of tephra fall hazards have been performed using computational techniques,
but it is also important to integrate long-term, regional geological records. To assess tephra fall load
hazards in Japan, we re-digitized an existing database of 551 tephra distribution maps. We used the re-
digitized datasets to produce hazard curves for a range of tephra loads for various localities. We
calculated annual exceedance probabilities (AEPs) and constructed hazard curves from the most
complete part of the geological record. We used records of tephra fall events with a Volcanic Explosivity
Index (VEI) of 4–7 (based on survivor functions) that occurred over the last 150 ka, as the database
contains a very high percentage (around 90%) of VEI 4–7 events for this period. We �tted the data for this
period using a Poisson distribution function. Hazard curves were constructed for the tephra fall load at 47
prefectural o�ces throughout Japan, and four broad regions were de�ned (NE–W, NE–E, W, and SW
Japan). AEPs were relatively high, exceeding 1 × 10 −4 for loads greater than 0 kg/m 2 on the eastern
(down-wind) side of the volcanic front in the NE–E region. In much of the W and SW regions, maximum
loads were heavier, but AEPs were lower (<10 −4 ). Tephras from large (VEI ≥ 6) events are the
predominant hazard in every region. A parametric analysis was applied to investigate regional variability
using AEP diagrams and slope shape parameters via curve �tting with exponential and double-
exponential decay functions. Two major differences were recognized between the hazard curves from
borehole data and those from the digitized tephra database. The �rst is a signi�cant underestimation of
AEP for frequent events using the tephra database, by one to two orders of magnitude. This is explained
in terms of the lack of records for smaller tephra fall events in the database. The second is an
overestimation of the heaviest tephra load events, which differ by a factor of two to three. This difference
might be due to the tephra fall distribution contour interpolation methodology used to generate the
original database. The hazard curve for Tokyo developed in this study differs from those that have been
generated previously using computational techniques. For the Tokyo region, the probabilities and tephra
loads produced by computational methods are at least one order of magnitude greater than those
generated during the present study. These discrepancies are inferred to have been caused by initial
parameter settings in the computational simulations, including their incorporation of large-scale
eruptions of up to VEI = 7 for all large stratovolcanoes, regardless of their eruptive histories. To improve
the precision of the digital database, we plan to incorporate recent (since 2003) tephra distributions,
revise questionable isopach maps, and develop an improved interpolation method for digitizing tephra
fall distributions.

Introduction
Tephra falls are a potential hazard that can damage house roofs, transportation infrastructure, and
electrical facilities, even in areas that are far from volcanoes (Wilson et al., 2014). Probabilistic methods
have been increasingly used to evaluate tephra fall hazards through both computational techniques
(Bonadonna et al., 2005; Magill et al., 2006; Marzocchi et al., 2010; Jenkins et al., 2012a, b; Bear-Crozier et
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al., 2016; Miller et al., 2016) and the evaluation of geological records (Suto et al., 2007). Computational
tephra fall models (e.g., TEPHRA2: Conner et al., 2001; FALL3D: Folch et al., 2009) are coupled with wind
pro�le data for individual eruptions (e.g., Bonadonna et al., 2005) and regional long-term eruptions (Bear-
Crozier et al., 2016; Jenkins et al., 2018). However, evaluating the accuracy of calculations of these
computational studies is di�cult. Long-term tephra fall records have also been used for regional (Suto et
al., 2007; Simpson et al., 2011) and local (Yamano et al., 2018) tephra fall hazard evaluations. Geological
records of tephra fall events incorporate multiple factors affecting the probabilistic variability of the
corresponding hazards, including the eruptive history of the source volcanoes. Thus, the completeness of
tephra fall records can potentially control the accuracy of computational results.

There are 111 active volcanoes in Japan, and its residents are acutely aware of volcanic hazards. Thus, it
is important to evaluate volcanic hazards for both Japanese residents and infrastructure operators.
Fortunately, tephra stratigraphy and distribution are well documented in Japan. Numerous tephra isopach
maps have been published over the last 60 year as a result of geological and/or volcanic studies.
Machida and Arai (2003) compiled these isopach maps and published an atlas of eruptions from ca.
400 ka to AD 2003 in and around Japan. Using this information, it is possible to evaluate regional, long-
term probabilistic volcanic hazards in Japan. Suto et al. (2007) evaluated volcanic tephra fall hazards by
compiling and digitizing the data of Machida and Arai (2003), along with other isopach maps published
before 2003. In addition to compiling the tephra fall distribution database, those authors determined the
cumulative thickness of tephra falls from maps and obtained the maximum and minimum thicknesses at
each city and town in Japan for the past 1000, 10,000, and 100,000 year. However, the database of Suto
et al. (2007) cannot be applied to directly calculate hazard curves because the isopach contours are
provided in PDF format instead of shape�le format. To evaluate regional tephra fall hazards, we
calculated annual exceedance probabilities (AEPs; Bear-Crozier, 2016; Jenkins et al., 2018) using
Probabilistic Volcanic Ash fall Hazard Assessment (PVAHA; Stirling and Wilson, 2002). To do this, we
traced and re-digitized the 551 PDF tephra fall distribution maps of Suto et al. (2007) using Geographic
Information System (GIS) mapping software. We then compared the geological and computational
hazard curves.

Probabilistic Volcanic Ash Fall Hazard Assessment

PVAHA was proposed by Stirling and Wilson (2002) and was adopted from the method for Probabilistic
Seismic Hazard Assessment (PSHA: Cornell, 1968; McGuire, 1995), a four-step procedure for event-based.
This procedure was developed by Simpson et al. (2011), Jenkins et al. (2012a, 2012b), Bear-Crozier et al.
(2016), Miller et al. (2016), and Jenkins et al. (2018). The development of this procedure is particularly
well documented in Bear-Crozier et al. (2016). Here, we use the term “Probabilistic Volcanic Tephra fall
Hazard Assessment” (PVTHA) (Fig. 1) rather than PVAHA because “ash” refers to a limited range of grain
sizes (pyroclastic materials �ner than sand). Generally, the probability for PVTHA is represented by the
AEP (Jenkins et al., 2018).
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A goal function (Step 4 in Fig. 1) of the AEP for exceeding a tephra fall load (W: kg/m2, w for a speci�c
value of threshold for exceeding a tephra fall load) at an arbitrary site, termed P(W ≥ w), may be
conceptually represented by following a Bayesian probability equation, in which it is assumed that
occurrences of eruptions and tephra dispersion (wind direction) are mutually independent:

where P(M ≥ m│Vi) is the annual probability function of eruption equal to or greater than a speci�c
magnitude (M, m for a speci�c value of threshold for exceeding a tephra fall load) (Hayakawa, 1993; Pyle,
1995) or Volcanic Explosivity Index (VEI) (Newhall and Self, 1982) at a volcano (Vi), and ∑P(Λ ≤ λ(θ, r))
is an expected cumulative distribution function of tephra fall load (or thickness). The attenuation rate (Λ,
λ for a speci�c value of threshold for exceeding a tephra fall load; Step 3 in Fig. 1) depends on the
relative distribution of volcanoes (angle from north (θ), distance (r) in km) with respect to the observation
site (Step 1 in Fig. 1).

The relationship between frequency (f) and magnitude (or VEI; Step 2 in Fig. 1) proposed by De la Cruz-
Reyna (1991) and Pyle (1995 and 1998) is well known:

log(f) = a − bm (2)

where a and b are constants. If the Poisson distribution is adopted in the relationship suggested by De la
Cruz-Reyna (1991), then the cumulative distribution function FM(m) for eruption magnitudes is given as:

F M (m) ≈ 1 − e−βm (3)

where β is the attenuation rate. Here, a total annual exceedance probability function of eruption ∑P(M ≥ 
m) can be rewritten as 1 − FM(m). Thus:

∑P(M ≥ m) ≈ e−βm (4)

Another relationship between m and f for tephra fall in Japan was proposed by Tatsumi and Suzuki
(2014), using the two-parameter Weibull function. The cumulative distribution function of eruption
magnitude can be written as:

F M (m) = 1 − exp(cmd) (5)

Then,

f(M ≥ m) = exp(cmd) ≈ ∑P(M ≥ m) (6)

where c and d are constants. We therefore assume that Equations (4) or (6) provide a �rst-order
approximation function for P(W ≥ w).
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In contrast, a cumulative density function for tephra fall load attenuation rate, represented by ∑P(Λ ≤ λ),
has not been reported. The attenuation rate of tephra fall thickness or load can be extracted from a
function of θ and r (Gonzalez-Mellado and De la Cruz-Reyna, 2010). In addition, we expect a very
complicated relationship between the probability of the attenuation rate of tephra thickness (or load) and
that of magnitude. This is because of the relationship between initial tephra thickness (i.e., thickness at or
around the vent), which is itself related to wind direction and intensity, and eruption magnitude. Bayes’
theorem should therefore be applied to determine the �nal function of P(W ≥ w). To unravel the function
of ∑P(Λ ≤ λ), an enormous statistical analysis is required, including investigation of the empirical
relationships between eruption magnitudes, proximal tephra fall thickness (or load), and tephra fall
attenuation at all observation sites. This would be very di�cult, so we instead conducted empirical
calculations of AEP from the tephra fall history at various sites, based on the tephra database that we
compiled using the method described below.

 

Methods
Suto et al. (2007) provided 551 tephra fall distribution maps for Japan over the last 330,000 year, in PDF
format. We traced their maps to construct a digital database of tephra fall distribution and evaluate
tephra fall hazards. These distribution maps were re-digitized, and tephra fall histories were obtained via
the following method: (1) The original isopach maps were aligned to their geographical position in GIS
mapping software (ArcGIS 10.5, ESRI Inc.) using its “geo-reference” tool; (2) the isopach maps were
traced using the “polygon feature” tool; (3) thickness information was de�ned in the attribute table of
each isopach polygon; and (4) traced polygon contour lines were transformed into raster data using the
“topo-to-raster” interpolation tool, which is based on a hydrology program (Hutchinson, 1989), in the
“spatial analyst” module.

To produce the hazard curves, tephra fall events were counted at arbitrary points (Fig. 2) using the
“extract multi values to point” sampling tool in the spatial analyst module of ArcGIS. Tephra fall events
and respective loads were sampled at all 47 prefectural o�ces in Japan. The Python (Python software
foundation, 2018) script for sampling (implemented using ArcPy) is presented at
http://doi.org/10.5281/zenodo.3608346.

Tephra fall loads (kg/m2) were calculated from thickness by assuming a deposit density of 1000 kg/m3.
Tephra fall events were sampled and cumulative tephra fall loads calculated using Generic Mapping
Tools (GMT; Wessel et al., 2013). The grid size, which was used for summing up all the tephra fall load
(Fig. 3), was de�ned as the third standard mesh grid using the resampling tool in the “data management
toolbox” of ArcGIS. This mesh grid was de�ned by the Ministry of Land, Infrastructure, Transport and
Tourism of Japan (mesh size: 30″ latitude, 45″ longitude).
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The SciPy library (SciPy community, 2018) of Python 3 was used for the calculation of AEP (assuming a
Poisson distribution function for tephra fall load history) and for the parametric investigation. R (The R
Project for Statistical Computing, 2019) and Python were used to sample tephra fall histories at arbitrary
localities and to calculate their hazard curves. The code and the raster database are presented at
https://github.com/s-uesawa/Prototype-TephraDB-Japan.

Results
Tephra fall records for the database

Existing tephra distribution maps were successfully re-digitized during this study. The re-digitized data
can be used to calculate cumulative tephra fall loads, as well as the frequency and exceedance
probability of a given tephra fall load (kg/m2). This can be done for any arbitrary locality in Japan over
any time period during the last 330,000 year. The cumulative tephra load map for Japan during the past
330,000 year (Fig. 3) clearly shows those regions that have received heavier tephra fall loads.

We used 511 of the 551 tephra distribution maps in Suto et al. (2007) for 503 eruptive events, as some
aspects of the original database were problematic. Forty maps were not used for the calculation of
hazard curves for the following reasons: (1) Six instances were not included as PDF �les in the original
database of Suto et al. (2007). (2) One record of the Sambe–Ukinuno tephra (U2, Katoh et al., 1996) in
the database was found to have thickness value errors. The record is also a duplicate of the Suk tephra in
Machida and Arai (2003). (3) A duplicate of the 1979 Aso volcano eruption was included in the database,
which was published by Ono et al. (1995) and Hayakawa and Imura (1991). (4) In the Older Fuji Volcano
(~ 100 ka) record (Machida, 1964), the thickness of the Kanto loam layer had also been included by Suto
et al. (2007). We excluded these data because the Kanto loam is composed of multiple eruption products
that are derived from the Hakone and Older Fuji volcanoes, as well as aeolian dust deposits (loess;
Suzuki, 1995; Hayakawa, 1995). (5) Thirty-one records of tephra fall sub-units were omitted to prevent
overestimation of thickness.

The following four eruptions include multiple tephra fall sub-units: Kikai-Akahoya tephra (K-Ah; ~73 ka),
Aira-Tanzawa tephra (AT; 26–29 ka), Numazawa caldera (Nm-N; 5 ka), and Suwanose Island (AD 1813)
(Shimano and Koyaguchi, 2001). We used the cumulative thickness of the sub-units for our dataset (Koya
pumice fall for K-Ah; Osumi pumice fall for AT; sub-units -IV, -III, and -II for Nm-N; and units A–G for
Suwanose AD 1813).

Using the criteria described above, 503 records were selected for statistical analysis in the new database
(Table 1). The frequency of events declines with increasing age, for all values of VEI (Newhall and Self,
1982). This is the case for both Japanese and global databases (Nakada, 2015; Kiyosugi et al., 2015;
Bear-Crozier et al., 2016). A similar age-related decrease in event frequency is observed in the database of
Suto et al. (2007) (Figs. 4 and 5). Generally, the number of smaller VEI events rapidly decreases with
increasing eruption age. For instance, all of the VEI = 1–2 events and ~ 73% of the VEI = 3 events are



Page 7/35

recorded in the Holocene (Figs. 4 and 5; Table 1). However, events smaller than VEI = 4 can produce
tephra falls with limited areas of dispersion (i.e., <~10% of the prefecture seats; Fig. 6). Thus, the effect of
missing small events (VEI = 1–4; Kiyosugi et al., 2015) in the geological record can be ignored for the
analysis of ash falls with heavier loads.

Some frequency biases are caused by the heterogeneous distribution of geological study localities. For
instance, high-frequency VEI = 4 eruptions are recognized at ~ 240 ka (Fig. 4). These eruptions were
caused by activity of the Osore volcano at that time (Kuwahara and Yamazaki, 2001). We selected a
speci�c time period to minimize the effects of such variations, as described below.

Table 1 Number of eruption events for different VEI values and periods.

 

Calculation of AEP for tephra fall load using the Poisson distribution
The probability of extremely low-frequency-recurrence phenomena can be treated using a Poisson
distribution (e.g., Leadbetter et al., 1983). The Poisson distribution function is represented by

where µ is the expected number of events in the interval (i.e., the mean value of frequency) and x is the
number of events per unit time.

We studied the tephra fall history for 47 prefectural o�ces in Japan. There is a correlation between the
cumulative number of tephra falls with time and the corresponding survivor function (Fig. 7). About 90%
of the recorded events for the prefecture o�ces have taken place during the last 150 ka, which suggests
that the recurrence of tephra fall events is best represented by this database for the last 150 ka. Thus, we
use the data from the last 150 kyr as the basis for the following discussion. We counted the tephra fall
events of > 0, ≥10, ≥ 100, ≥200, and ≥ 500 kg/m2 for intervals every ≥ 10,000 year for Tokyo (Table 2).
From Table 2, we found a difference in the frequency recurrence over the period of ~ 150 ka. In Tokyo, the
mean frequency of tephra falls exceeding 0 kg/m2 for every 10,000 year since 150 ka (µ10) is 1.133. By
inputting this value as µ in Eq. (7), we obtain the Poison distribution model histogram for x (Fig. 8). By
comparing the model with the observed values, the determination value (R2) was calculated to be 0.915,
indicating that the tephra fall phenomena can be reasonably explained by a Poisson distribution for
Tokyo. R2

poisson was calculated using the equation:

R 2 poisson  = 1 – Σ(Pobs – Pmodel)2/Σ(Pobs – Pav)2 (8)
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where Pobs is the observed probability, Pav is the mean value of observed probability, and Pmodel is the
calculated value of probability with Poisson distribution functions. Most of the prefectural o�ces have
good R2 values (> 0.8), but �ve instances have poor R2 values (< 0.8) (Fig. 9). It is also possible to
recognize variation in the mean frequency of tephra fall for every 10,000 year by accounting for the age
ranges corresponding to missing geological records (Kiyosugi et al., 2015). The variations can be
represented by the 95% con�dence limit (Table 3).

The annual frequency for exceeding a tephra fall load (λan) is therefore represented by:

In the case where λan is close to 0, R2 values for the Poisson distribution are expected to improve rather

than R2 values of Poisson �tting for the mean frequency of tephra falls exceeding 0 kg/m2 for every
10,000 year since 150 ka (µ10) shown in Fig. 8. Thus, these frequencies can also be explained by a
Poisson distribution. The probability of exceedance (Pe) can be written as: 

 represents the probability at which tephra fall does not occur, and t is the time period. Thus,
when t = 1, the exceedance probability Pe (t = 1) is equal to the annual exceedance probability (Pan: AEP),
and λan  <<0.05 (Cornell, 1968):

Here, 1/λan represents the return period (Jenkins et al., 2018).

Table 2 Number of tephra fall events exceeding 0 and equal to or greater than 10, 100, 200, and 500 kg/m2 for every

10,000 yr for Tokyo.
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Table 3 Variation in the mean frequency of tephra fall events exceeding 0 and equal to or greater than 10, 100, 200,

and 500 kg/m2 for every 10,000 yr for the past 10,000–150,000 yr for Tokyo. Conf_95: maximum and minimum values

of the 95% confidence interval.

 

Characteristics of tephra fall hazards in Japan

Calculations of Pan were performed for every 10,000 yrs step over the period 0 to 150,000 yrs before

present, and tephra load was approximated into 10 kg/m2 steps ranging from 0 to 2800 kg/m2. The
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relationship between Pan and tephra fall load (W: kg/m2) forms a “hazard curve” (Fig. 10).

AEPs were calculated using the tephra fall history recorded at 47 prefectural o�ces (Fig. 3), and tephra
fall load hazard curves were constructed using the method described above. Representative hazard
curves are shown in Fig. 10. All hazard curves are provided at http://doi.org/10.5281/zenodo.3608350.

In general, the curves with lower frequency and heavier loads have gentle slopes (e.g., Kagoshima;
Fig. 10b), whereas those with higher frequency and lighter load have steep slopes (e.g., Tokyo; Fig. 10j).
AEPs higher than 1 × 10− 4 for tephra fall loads of > 0 kg/m2 are recognized in every part of Japan, but
they are most common in NE–E Japan (e.g., Tokyo, Iwate; Figs. 10j, l, and 11a). Regions that have
undergone events with tephra fall loads of > 1000 kg/m2 are recognized in the SW and W (e.g.,
Kagoshima, Fig. 10b; Tottori, Fig. 10e) and have AEPs of 2 × 10− 5 to 1 × 10− 6 (Fig. 11f). Sixty percent of
all prefectural o�ces have AEPs of 3 × 10− 5 to 4 × 10− 5 for tephra fall loads of ≥ 100 kg/m2 (Fig. 11). 
Parametric analysis of hazard curves

To characterize the regional variability in tephra fall hazards, we used Python to conduct a parametric
analysis by �tting regression curves to the hazard curves. As described above, candidates for �rst-order-
approximated AEP functions of P (W ≥ w) were estimated from an exponential distribution function and
a Weibull distribution function. For an exponential distribution function, Pexp (W ≥ w) is approximated as:

P exp (W ≥ w) = α1 exp(–β1w) (12)

= α1 fexp (W ≥ w) (13)

where the �rst-order-approximated function of fexp (W ≥ w) is 1 – Fexp(w), Fexp(w) is a cumulative
distribution function of the exponential distribution function, α1 is a scaling factor used to �t the fw (W ≥ 
w) function to the observed hazard curve of the exponential distribution function with an intercept value
that is nearly equal to the AEP value at W > 0, and β1 is a decay constant obtained using the least squares
method. The logarithmic likelihood function of the exponential distribution function is:

lnL (β1) = Nln(β1) − β1∑wobs (14)

where N is the number of observed AEPs and wobs is the observed tephra fall load.

For the two-parameter Weibull distribution function, Pwei (W ≥ w) is approximated as:

where the �rst approximation function of fwei (W ≥ w) can be rewritten as 1 – Fwei(w), Fwei(w) is a
cumulative distribution function of the two-parameter Weibull function (Nielsen, 2011; Tatsumi and
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Kamata, 2014), and α2 is a scaling factor to �t the fwei (W ≥ w) function to the observed hazard curve
with an intercept value nearly equal to the AEP value at w > 0, and β1 and γ2 are coe�cients whose values
were determined using the least squares method. The logarithmic likelihood function of the two-
parameter Weibull function is represented by (Nielsen, 2011):

To select the best-�tting function, R2 values were calculated using:

R 2 = 1 – Σ(Pobs – Ppred)2/Σ(Pobs – Pav)2 (18)

where Pobs is the observed AEP, Pav is the mean value of the observed AEP, and Ppred is the predicted value
of AEP calculated from functions (12) and (15).

To evaluate potential over�tting, Akaike’s information criterion (AIC; Akaike, 1974) and the corrected
Akaike criterion for small sample size (AICc; Sugiura, 1978) were used. These were calculated using: 

where k is the number of parameters used in the model, and N is the number of observed AEPs. lnL of
Eq. (19) is the maximum logarithmic likelihood function of Equations (14) and (17), determined by the
least squares method using the parameters of Equations (12) and (15).

Table 4 The parameters of the fitting functions, coefficient of determination (R2) and AIC for the hazard curves of all

the prefectural offices. Exp: exponential decay function. Wei: Weibull function.
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Curve �tting was performed for the 47 hazard curves using Equations (12) and (15). We successfully
obtained the parameters, with R2 values of > 0.90 for all cases (Table 2) indicating that the �rst-order-
approximation functions were properly selected. The difference between AIC and AICc is very small in this
study. It means that enough data is available for calculation of AIC. An example of curve �tting for Tokyo
is shown in Fig. 12. The results do not provide automatic selection criteria between the functions of R2

and AIC because the results did not uniformly argue which function is better, exponential decay or Weibull
functions. Most of the R2 values for the two candidate functions are better for Pwei (W ≥ w) than Pexp (W 
≥ w). However, some AIC values for fwei (W ≥ w) are worse than those for fexp (W ≥ w), indicating
over�tting. For the subsequent parametric study, we chose Pexp (W ≥ w).

For Pexp (W ≥ w), we interpret α1 as the intercept value of the function that is nearly equal to the AEP
value at w > 0, and β1 as the attenuation rate (i.e., the decay constant). Greater values of β1 (gentle dip)
indicate that an area hosted greater tephra fall loads.

We plotted scatter diagrams to understand the regional spatial variability in parameters α1 and β1

(Fig. 13). Figure 13a represents the locations of prefectural o�ces. On a scatter plot of longitude versus
α1 (Fig. 13b), localities where α1 is higher than 10− 4 include prefectural o�ces in the NE region (Fig. 13b).
The highest β1 value with respect to longitude was in Okinawa (Fig. 13b), whereas the minimum values
were in the SW region (Fig. 13c). The trend of higher β1 values in the east in Fig. 13c re�ects the effect of
tephra fall from caldera-forming eruptions in the SW region. On a scatter plot of β1 versus α1, AEPs of

tephra fall loads of > 0 kg/m2 form two clusters that are higher (Kanto and part of Kyushu and Tohoku-
Hokkaido) or lower than 10− 4 (Fig. 13d).
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Discussion
Comparison of the database with borehole data

Continuous and complete core datasets with precise carbon dating control have recently been generated
based on drilling of tephra falls and �uvio-lacustrine sediments (e.g., Albert et al., 2019; Tsuji et al., 2018).
We compared two core datasets with our database, using the method described above to calculate AEP
and construct hazard curves. The localities chosen for the calculations were Lake Suigetsu (Suigetsu
SG06 core site) and Uwa basin (UT core site) (Figs. 3 and 14).

A comparison of core SG06 with the database from this study (Fig. 14a, b) reveals two differences: (1)
The core displayed higher AEPs for tephra fall loads exceeding 0 kg/m2 (Fig. 14a) compared with the
database (Fig. 14b); and (2) a greater thickness of tephra fall was documented in the core (Fig. 14a) than
in the database (Fig. 14b). Like SG06, core UT displayed higher AEPs for tephra fall loads exceeding
0 kg/m2 (Fig. 14c) compared with the database (Fig. 14d). However, a larger tephra fall thickness was
obtained from the database (Fig. 14d) than from the UT core site (Fig. 14c). The lower AEP values for
tephra fall loads exceeding 0 kg/m2 in the database may be due to: (1) a highly localized geological
record for smaller tephra fall events (lower-magnitude eruptions or thinner areas of large events), or (2) a
lack of tephra fall distribution maps (e.g., unpublished data or data that could not be mapped). The
discrepancies between the events with greater thicknesses are attributed to the interpolation method used
for the new database. Although the database has some limitations, comparisons with the borehole data
suggest that the database is reasonable.
Comparison of the database with computational hazard curves

Several studies have used computational analysis to evaluate regional tephra fall hazards, including
Bear-Crozier (2016), Miller et al. (2016), and Jenkins et al. (2018). We compared hazard curves from our
tephra fall distribution database with hazard curves from several computational analyses. This allowed
us to investigate the differences between these methods (Figs. 15 and 16).

There are important differences between the Tokyo hazard curve from this study and the hazard curve of
Miller et al. (2016) (Fig. 15). Both the AEPs and tephra fall loads of Miller et al. (2016) are much greater
(by almost one order of magnitude) than those from the present study. The difference in tephra fall load
is attributed to assumptions made by Miller et al. (2016) about the frequency of large-scale (VEI 6–7)
eruptions at “large-cone” volcanoes, including Fuji. Fuji Volcano is located ~ 130 km to the west of Tokyo
and has erupted for the past 260,000 year (Yoshimoto et al., 2010). Most eruptions at Fuji are basaltic,
with explosive and effusive eruptions of up to VEI = 5 during the Holocene. Although basaltic–dacitic
explosive eruptions have occurred over the past 100,000 year (during the Pleistocene), a caldera-forming
eruption has not occurred at the volcano (e.g., Machida, 1964a, b; Tsuya et al., 1988; Miyaji, 1988,
Yoshimoto et al., 2010; Takada et al., 2016). Miller et al. (2016) produced large-scale eruptions for every
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“large-cone” volcano (including Fuji), regardless of its eruptive history, and therefore may have
overestimated the frequency of tephra fall events from large explosive eruptions.

The total hazard curve of Jenkins et al. (2018) also has much heavier tephra loads and shorter annual
recurrence intervals when compared with the present study (Fig. 18). An analysis of the components of
the hazard curves shows that Fuji Volcano has contributed heavily to the Jenkins et al. (2018) hazard
curve for Tokyo. The discrepancy between curves could therefore be attributed to an assumption in
Jenkins et al. (2012a, b) that is similar to that made by Miller et al. (2016). In contrast, the database of
the present study has a lower AEP (1.3 × 10− 4; Fig. 15) and a longer mean interval (~ 7 × 103 years;
Fig. 16) for tephra fall loads exceeding 0 kg/m2 than those of Miller et al. (2016) and Jenkins et al.
(2018). This indicates that for AEPs exceeding 0 kg/m2, the tephra fall load calculated using our method
may be an underestimation. This underestimation may have been caused by problematic aspects of the
database, as described above. 
Future work

The database generated from Suto et al. (2007) could be improved in several ways. First, the data consist
of tephra distribution maps for the period between 330,000 year before present and AD 2003. Thus,
isopach data for more recent eruptions (e.g., Asama 2004; Yoshimoto et al., 2005; Shinmoedake 2011
eruption; Maeno et al., 2014, Ontake 2014 eruption; Takarada et al., 2016) should also be included.
Second, some geological records in the database (e.g., Yotei tephras, southwest Hokkaido; Kashiwabara
et al., 1976) should be revised to integrate recent revisions (e.g., Uesawa et al., 2016) and borehole data
(Tusji et al., 2018; Arbert et al., 2019). Third, the geometric method that was used to reproduce the
isopach lines of Suto et al. (2007) includes some imprecision. The ArcGIS “topo-to-raster” interpolation
tool is most suited to hydrological applications, and interpolation of contours of pyroclastic fall deposits
may not be so accurately performed. Thus, more sophisticated methods for reproducing and interpolating
tephra fall distributions (e.g., Green et al., 2016; Yang and Bursik, 2016), should be utilized or developed in
future studies. Despite these potential improvements, the method presented here can be used to evaluate
the regional distribution of local tephra fall load hazards and to examine the validity of computational
tephra hazard assessments.

Hazard curves have steep slopes for areas that are affected by smaller tephra fall events and gentle
slopes for areas that are affected by larger tephra fall events. These characteristics should be accounted
for in future hazard assessments and in mitigation strategies to protect infrastructure. These results are
important because tephra fall events can affect electrical generation and distribution facilities, as well as
human health, agriculture, and other critical infrastructure (Yamamoto and Nakada, 2014; Wilson et al.,
2014).

Conclusions
We generated a digital GIS database to evaluate probabilistic tephra fall load hazard in Japan. Our main
conclusions are as follows:
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Glossary

1) Using the digitized temporal distribution of tephra falls, we found that most VEI 3–7 events that
occurred during the last 150,000 yr are likely to have been recorded. The dataset for this period is
therefore suitable for statistical analysis and was selected for the subsequent analytical study.

2) The digitized database enabled us to calculate tephra fall hazard curves for the last 150,000 yr for
various localities in Japan. Generated hazard curves for 47 prefectural o�ces tell us the regional
variations of hazard curve characteristics.

3) The curve-�tting method was useful for evaluating the qualitative tephra fall hazard characteristics (a
combination of frequency and intensity) at 47 prefectural o�ces in Japan. We also studied regional
trends in the data. Annual exceedance probabilities were relatively high, exceeding 1 × 10−4 for tephra
loads of >0 kg/m2 in the NE–E and parts of the SW and W regions in Japan. Maximum loads were
heavier but frequencies lower (<10−4) in most of SW and W Japan.

4) Two major differences were recognized between the hazard curves from borehole data and those from
the digitized tephra database. The �rst is a signi�cant underestimation of AEP for frequent events using
the tephra database, by one to two orders of magnitude. This is explained in terms of the lack of records
for smaller tephra fall events in the database. The second is an overestimation of the heaviest tephra
load events, which differ by a factor of two to three. This difference might be due to the tephra fall
distribution contour interpolation methodology used to generate the original database.

5) The hazard curve for Tokyo developed in this study differs from those that have been generated
previously using computational techniques. For the Tokyo region, the probabilities and tephra loads
produced by computational methods are at least one order of magnitude greater than those generated
during the present study. These discrepancies are inferred to have been caused by initial parameter
settings in the computational simulations, including their incorporation of large-scale eruptions of up to
VEI = 7 for all large stratovolcanoes, regardless of their eruptive histories.

6) Instances of eruptions after AD 2003, revised tephrostratigraphies, and tephra distribution maps
reported by recent studies should be included in a revised version of the database.

7) Methods of map reproduction and contour interpolation for tephra fall distributions should be tailored
to suit volcanological processes. This would produce more precise tephra fall hazard evaluations.

Abbreviations
AEP:Annual Exceedance Probability; GIS:Geographic Information System; GMT:Generic Mapping Tool;
ka:1000 year before present; PSHA:Probabilistic Seismic Hazard Assessment; PVAHA:Probabilistic
Volcanic Ash fall Hazard Assessment; PVTHA:Probabilistic Volcanic Tephra fall Hazard Assessment;
VEI:Volcanic Explosivity Index.
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Shape�le: a shape�le is a digital format that stores nontopological geometry and attribute information (in
an attribute table) for the spatial features in a dataset. The geometry for a feature is stored as a shape
that comprises a set of vector coordinates. Shape�les can support point, line, and area features such as
polygons (ESRI, 1998).

Raster: a raster consists of a matrix of cells (or pixels) that are organized into rows and columns (a grid)
where each cell contains a value that represents a parameter, such as temperature. Rasters are images
that include digital aerial photographs, imagery from satellites, digital pictures, or even scanned maps
(ESRI, 2016).
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Figure 1

Schematic illustration of the four-step procedure for probabilistic volcanic tephra fall hazard analysis
(PVTHA) proposed by Stirling and Wilson (2002).
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Figure 2

Work�ow for digitizing tephra distribution maps and the calculation of hazard curves. Raster sampling of
digitized tephra loads for each event is conducted at an arbitrary locality. (a) Re-digitizing tephra fall
distribution maps and sampling at arbitrary localities. (b) Making the tephra fall history and (c)
calculating hazard curves for tephra fall load.
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Figure 3

(a) Location map of the prefectural o�ces and Quaternary volcanoes in Japan, divided into four regions
(NE–W, NE–E, W, SW). (b) Cumulative tephra fall load distribution map for the past 330,000 yr. Orange
dashed lines in (a) show the “volcanic front” after Sugimura and Ueda (1973).
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Figure 4

Histogram of the number of eruptions at every 10 ka step for each VEI of the database.

Figure 5

Time-cumulative number of eruption events (left) and survivor function (normalized to the cumulative
number of events) (right) for different VEI values.

Figure 6
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Relationship between tephra falls and VEI. (a) Number of tephra fall localities with different VEIs. (b)
Percentage of localities where tephra fall more than 0 kg/m2 was observed (Nobs) with respect to the
total number of prefectural o�ces (Ntotal = 47).

Figure 7

Time-cumulative number of tephra fall events (left) and survivor function (normalized cumulative number
of events) (right) at 47 prefectural o�ces.
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Figure 8

Frequency histogram of the frequency of tephra fall events for every 10,000 yr (observed) and Poisson
distribution (model) for Tokyo.
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Figure 9

Histogram of R2 values used to �t the frequency of tephra fall events to the Poisson distribution function
for every prefectural o�ce.
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Figure 10

Location map of prefectural o�ces and determination of region (left). Representative hazard curves (a–l)
for prefectural o�ces in Japan (right). Solid lines show the mean AEP for exceeding tephra fall loads.
Dotted lines indicate the 95% con�dence intervals for variation in the age ranges for data from the past
10–150 ka.



Page 30/35

Figure 11

Representative frequency distributions of mean AEP for prefectural o�ces for exceeding tephra fall loads
(W; kg/m2).
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Figure 12

The hazard curve (Black solid and dot lines) and �tting curves of the candidate functions for Tokyo. Solid
Red: Pexp (W ≥ w), Dashed Blue: Pwei (W ≥ w). Black dot lines represent the 95% con�dence interval for
the hazard curve.
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Figure 13

Parametric characteristics of �tted hazard curves for tephra fall loads at 47 prefectural o�ces. (a)
Distribution map of prefectural o�ces in Japan; (b) scatter plot of Y-axis intercept (α1) with respect to
longitude; (c) attenuation rate (β1) variation with respect to longitude; (d) scatter plot of α1 versus β1. In
(c), the northward increase in β1 for the NW and NE regions is due to the effect of tephra that was
sourced from caldera-forming eruptions in the SW region.
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Figure 14

Tephra fall hazard curves for comparing the core record with the database for the borehole sites. Black
dot lines represent the 95% con�dence interval for the hazard curves.
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Figure 15

Tephra fall hazard curves for Tokyo of Miller et al. (2016) and this study.
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Figure 16

Tephra fall hazard curves for Tokyo of Jenkins et al. (2018) and this study. Curves of contributing
volcanoes by Jenkins et al. (2018) are similar to our cumulative curve. This suggests a substantial
overestimation of eruption frequency for each volcano by Jenkins et al. (2018).


