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D

ata assimilation (DA) integrates computer simulations and real-world observations based on statistical mathematics and dynamical systems theory,
and plays a central role in numerical weather prediction (NWP). As computing and sensing technologies
advance, DA will deal with “big simulations” and “big
data.” Here we focus on rapidly changing convective
weather and explore a future direction of two orders
of magnitude more rapid weather forecasting by innovating what we call “big data assimilation” (BDA)
technology. Tremendous efforts have been devoted
to convective-scale NWP and radar DA, including
the U.S. effort on the “Warn-on-Forecast” project
(Stensrud et al. 2009; 2013), which has been pioneering
rapidly updated NWP to be used for warnings about
convective-scale hazards. Sun et al. (2014) provided a
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comprehensive review on this subject with a rich body
of literature. Extending a wealth of previous studies,
this article presents the concept of BDA research and
the first proof-of-concept results of a real high-impact
weather case, exploring 30-min forecasts at 100-m grid
spacing refreshed every 30 s—120 times more rapidly
than hourly updated systems. This revolutionary NWP
is only possible by taking advantage of the fortunate
combination of Japan’s most advanced technological
developments: the 10-petaflops (floating-point operations per second) “K computer” and Phased Array
Weather Radar (PAWR; Ushio et al. 2014; Yoshikawa
et al. 2013). The science and analytics of big data, typically characterized by four “big V’s” (volume, variety,
velocity, and veracity), are growing rapidly, and BDA
is one of the first two projects awarded by the Japanese
government strategic funding program started in 2013
on general big data applications.1
In contemporary weather forecasting, radar observations and NWP play an essential role in realtime monitoring and short-term prediction of severe
weather. The widely used parabolic-antenna radar observes rain intensity along a curvilinear beam track.
The radar is rotated, and changes the azimuth and
elevation angles to capture the whole sky typically in
5 min for 15 elevation angles. Also, typical convectivescale NWP updates forecasts every hour for the next
O(10) hours at O(1)-km grid spacing. However, convective weather systems evolve quickly in 5 min and
undertake a nonlinear evolution. The current NWP
systems that could possibly use all 5-min radar data at
the highest frequency may still be far from sufficient
to precisely represent individual convective activities.
Here we explore what the highest-end, next-generation supercomputing and sensing technologies
can do at their full capacity, pioneering the future of
weather forecasting for the next 10 years. The cutting-edge PAWR implemented in Osaka, Japan, in
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		The other project is on pharmaceutical science, focusing on
drug discovery and production.
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F i g . 1. (a) P P I r e f l e c t i v i t y (d B Z ) a t t h e 8 .152 ° e l e v a t i o n a n g l e (a p p r ox i m a t e l y 4 – 6 k m i n
the 25–45-km ranges) at 1500 JST, 13 Jul 2013 from the Osaka phased array weather radar. (b)-(l) Every-30-s
frames of reflectivity vertical cross sections along the line shown in (a).

summer 2012 is capable of observing 100 elevation
angles within only 30 s and produces about 100 times
more data than the widely used parabolic-antenna
radar. Unlike the every-5-min data, the every-30-s
data show the continuous evolution of convective
weather systems, and we may reasonably assume a
linear evolution in 30 s at convective scales (Fig. 1).
Also, the highest-end supercomputers to date with
O(10)-petaflops capability enable high-precision
1348 |

weather simulations at O(10)-m grid spacing, or even
smaller.
To fully take advantage of the large-volume and
high-velocity big data from the most advanced simulations and sensors, we propose BDA innovation. BDA
aims to refresh 100-m-mesh weather forecasts every
30 s, orders of magnitude faster and more precise than
the typical operational hourly updated systems at
O(1)-km grid spacing, leading to an O(10)-minute-lead
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given by the arithmetic average of the 100 states or simply
the ensemble mean, is used
to initialize a 30-min simulation. Here, the PAWR data
are preprocessed by the newly designed quality control
algorithm that takes advantage of the PAWR’s unique,
high vertical and temporal
resolution (Ruiz et al. 2015).
c
Attenuated echoes are identified and rejected by quality
control. For comparison, we
also developed a reducedresolution system at 1-km
grid spacing (simply “1KM”).
We have run the prototype BDA system with up to
3,072 nodes of the Japanese
10-petaflops K computer
and measured the compuFig. 2. (a) Computational domain for the outermost 15-km-resolution NHMtational amount as shown
LETKF experiment, (b) computational domain for outer 1-km NHM, and
in Table 1 (see appendix A
(c) computational domain for the innermost 100-m-resolution BDA system
in the electronic supplewith the circle indicating the 60-km observation range of the Osaka phased
ment). With the full capacarray weather radar. Color shading indicates elevation (m) except for light
ity of 88,128 nodes (705,024
blue showing the ocean areas.
cores) of the K computer at
early warning for sudden local severe weather. BDA is a typical 5% computational efficiency (i.e., 5% of the
also a leap by an order of magnitude over the cutting- 10-petaflops peak performance, effectively 5 1014
edge research which refreshes about 1-km-mesh fore- flops), it takes about 15 s for the total 7.1 1015 floatcasts every several minutes (e.g., Aksoy et al. 2009; ing-point operations of the 100 parallel NHM runs
Stensrud et al. 2013; Yussouf et al. 2013).
and LETKF, feasible for the 30-s cycling processes
We developed a prototype BDA system, the considering the additional time for data transfers
workflow starting with 100 parallel simulations or between the NHM and LETKF, although the fullensemble runs of 100-m-mesh NWP (“100M”) for capacity experiment is a subject of future research.
30 s using the Japan Meteorological Agency (JMA) Compared with 1KM, BDA takes O(103) and O(102)
nonhydrostatic mesoscale model (NHM; Saito et al. more computations for the forecasts and LETKF,
2006). JMA runs the NHM operationally at 5-km and respectively. These are consistent with an estimate
2-km grid spacing—50 and 20 times coarser than the that O(10) times more resolution requires O(102)
BDA system, respectively. The simulation domain is
chosen to be a 120-km-by-120-km square centered at
Table 1. Computational amount (floating-point
the Osaka PAWR, covering the 60-km range of the
operations) measured by the K computer.
PAWR (Fig. 2c). The 100 simulated states are input to
the DA system based on the local ensemble transform
Grid spacing
100 m
1 km
Kalman filter (LETKF; Hunt et al. 2007; Miyoshi and
Kunii 2012). The LETKF takes the PAWR data—both
100 parallel 30-s simulations
2.6 1015
5.8 1012
reflectivity and Doppler velocity—and updates the
Data assimilation
4.5 1015
76 1012
100 states to initialize the next 30-s parallel simulations. The 30-s forecast-DA cycle is repeated by takA single 30-min simulation
1.6 1015
3.5 1012
ing PAWR data every 30 s. The most probable state,
AMERICAN METEOROLOGICAL SOCIETY
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more computations due to an increased number
of grid points both for forecasts and LETKF, and
O(10) times more computations for forecasts due to
a shorter time step.
The prototype BDA system was tested in a retrospective high-impact weather case that occurred
on 13 July 2013, when Kyoto, Japan, had floods and
a number of power outages due to severe lightning
strikes. The convective rain system was well captured by the Osaka PAWR (see animated threedimensional visualization in the electronic supplement). First, we have run the “NODA” experiment,
in which the BDA system was initialized at 1500
Japanese Standard Time (JST: UTC + 9 hours) and
was run for 10 min without observation data input.
The 100-m-mesh initial conditions are generated

Fig. 3. Time series of the RMSE for (a) radar reflectivity
(dBZ) and (b) Doppler velocity (m s −1) for the NODA
(blue dotted), 1KM (green dashed), and 100M (red)
experiments, relative to the PAWR observations.
Data assimilation starts at 1500 JST up to 1510 JST,
and the 30-min forecast simulation follows (yellow
background). The RMSE of the ensemble means are
shown up to 1510 JST, and the forecasts are initialized
by the ensemble means at 1510 JST.
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by downscaling an independent 15-km-resolution
NHM-LETKF system (see appendix B in the electronic supplement for details). Therefore, NODA
contains information only on larger-scale convective instability but not on individual convective
cells, which are typically resolved at O(1)-km grid
spacing or smaller. Next, we ran the 100M experiment, exactly the same as NODA but with all 30-s
PAWR data used. We also ran the 1KM experiment
with both model and observations reduced to 1-km
resolution. We assimilated weak echoes as “zero precipitation” (Aksoy et al. 2009; Yussouf et al. 2013).
We can see that both 100M and 1KM quickly
become closer to the PAWR observations (Fig. 3).
Figure 3 shows sawtooth patterns that are typical for cycling DA, for 100M and 1KM in the initial 10 min (white background), indicating that the
errors are reduced by assimilating the PAWR data
every 30 s. After the eighth DA step, or 1504 JST,
the root-mean-square errors (RMSE) relative to the
PAWR’s observed reflectivity reach the asymptotic
level of about 7 dBZ for 100M (Fig. 3a). 1KM shows
about twice as large RMSE for reflectivity, mainly
because the 1KM model data cannot fit the higherresolution PAWR data at about 100 m. For Doppler
velocity, the RMSE drops more quickly for 100M
than for 1KM, but at 1510 JST the RMSE are similar
around 2.3 m s−1; that is, the observed radial velocity field is smoother, and 1KM model data can fit
as well as 100M. We have run longer DA cycles and
found that the 100M RMSE did not keep increasing
(not shown).
The three-dimensional rain distribution captured
by PAWR reflectivity at 1510 JST (Fig. 4a–h) shows
very good agreement between 100M and the actual
PAWR observation, while NODA shows only a broad
precipitation pattern partly because of the averaging of widely dispersed ensemble runs. We find that
100M presents the three-dimensional structures of
individual convective cells almost identically to the
actual observation (Fig. 4g,h). 1KM agrees generally
well, but has smoother patterns and missing details
(Fig.4 b,f). While PAWR observations provide only
reflectivity and Doppler velocity, the model produces physically consistent meteorological fields
(Fig. 4j,k). Namely, strong heating in the convective
center at around 3–6 km due to latent heat release
from water and ice condensation is associated with
a strong upward motion of about 10 m s−1 from 2 km
to the tropopause. Cooling occurs near the ground
due to rainfall behind the heating convective center.
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Fig . 4. Radar reflectivity (dBZ) at 1510 JST for the ensemble means of (a, e) 10-min NODA forecast, (b, f) 1KM
analysis, and (c, g) 100M analysis, and for (d, h) actual radar observation. The top row (a–d) indicates plan
position indicator (PPI) scans at the 8.152° elevation angle for the 60-km range, with horizontal and vertical
axes showing longitude and latitude, respectively, and white areas correspond to missing data. Green curves
indicate the coastlines. Red boxes in (b) and (c) correspond to the areas shown in Fig. 5. The cross marks
indicate the JMA gauge station at Kyotanabe. The second row (e–h) shows the vertical cross sections along
the lines in the top row. The bottom row (i–k) shows the same vertical cross sections as (e–g), but for winds
(arrows) and temperature anomaly (K) from the horizontal average (color shades), with green contours corresponding to 20-dBZ reflectivity.

Again, 1KM shows only smooth patterns. 100M’s
higher resolution can resolve smaller-scale details
that may be relevant to local severe phenomena. For
example, 100M simulates more detailed structures
of hydrometeors with higher peak values of snow
and graupel contents (Fig. 5, blue and red shades)
accompanied by stronger updrafts (Fig. 5, black
contours), suggesting a higher potential of lightning
strikes. Also, Figs. 5e and 5f show significant differences, so that large rainwater content (green shades)
reaches the ground in 100M but not in 1KM.
Representing these complete meteorological
fields beyond what is observed is essential to improve forecasts for the next 30 min (Fig. 3, after 1510
with yellow background). Compared with NODA,
both 100M and 1KM indicate strong reflectivity,
more similar to the observed reflectivity in the 10,
20, and 30-min forecasts, although the forecast skill
drops quickly (Fig. 6). 1KM and 100M are generally
AMERICAN METEOROLOGICAL SOCIETY

similar, and if we focus on larger-scale structures
that the 1-km NWP can resolve (typically larger
than 5- to 10-km scales), 1KM is useful as suggested by the previous studies (e.g., Aksoy et al. 2009;
Stensrud et al. 2013; Yussouf et al. 2013). 100M includes small-scale structures, though not necessarily close to the observations. 1KM has about twice as
large RMSE for reflectivity at the initial time, but the
RMSE grows slowly and becomes similar to 100M
around 1520 JST (Fig. 3a). Namely, the 100M’s smallscale structures are close to the observations at the
initial time but evolve rapidly and lose predictability after 10 min. The small-scale structures may be
essential in the development of hazardous phenomena, and the skill in the initial 10 min may be critical
for successful evacuation of those at risk.
Also, 100M potentially resolves local peak quantities. If we verify the 30-min accumulated rainfall
amount from 1510 to 1540 JST in Kyotanabe, Japan
AUGUST 2016
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(Fig. 6, cross marks), 100M shows 23.95 mm, very
close to the JMA gauge observation (20.5 mm), while
1KM indicates only 0.95 mm and none for NODA.
No other station from the JMA gauge network reported a significant rainfall greater than 10 mm for
this 30-min period due to this event, and a thorough
verification with more cases is beyond the scope of
this article.
Both 100M and 1KM tend to overproduce the
strong reflectivity regions east of the actual observed echoes and may lead to a false alert (Fig. 6).
The simulated reflectivity shows an increasing bias
trend: at 1540 JST, 100M (1KM) shows the bias of
17.24 (21.29) dBZ relative to the PAWR observations.
Also, Fig. 3b shows a rapid growth of the forecast
error for Doppler velocity in the first 5 min. 100M
shows a more rapid error growth than 1KM, and
loses the skill completely after 10 min, even worse
than NODA. These results may be related to systematic model errors, particularly in the microphysics
schemes, and a dynamical imbalance caused by the
30-s update cycles. The current NWP systems have
not been designed or tested with such rapid updates
and dense PAWR observations, and NWP system
1352 |

Fig. 5. Model- pro duced hydrometeor
quantities (mixing ratio, kg kg −1) for rain
(green), snow (blue),
and graupel (red) for
the analysis ensemble
mea ns at 0310 J ST
for (a, c, e) 1KM and
(b, d, f ) 10 0M . The
black contours indicate 5 m s −1 vertical
winds. The top row
(a, b) indicates horizontal distributions
for the red boxes in
Fig. 4b and Fig. 4c. The
second (bottom) row
indicates the vertical
cross sections along
t he da shed line la beled CS1 (CS2) in (a,
b). The dashed lines in
(c–f) show the vertical
levels of the horizontal
maps (a, b).

developments for frequent updates and O(100)-m
grid spacing or smaller would be essential. Previous
studies (e.g., Aksoy et al. 2009; Stensrud et al. 2013;
Sun et al. 2014) also suggested that we can provide
very accurate analyses, but the forecasts resulting
from these analyses tend to lose predictability very
rapidly. It is critically important to improve the forecasts for practical applications, and this remains a
subject of future research.
Here we showed the general concept of BDA and
the first proof-of-concept case study. Future work
includes improving the forecast skill with more case
studies and enhancing the computational performance with the full capacity of the K computer with
nearly a million CPU cores. Improving microphysics and other components of the NWP model for severe weather prediction is a grand challenge. Also,
it is important to explore what benefits we can get
from the 100-m-mesh 30-s-update BDA for different types of high-impact weather cases at the cost of
O(102) more computations than a 1-km-mesh counterpart. Moreover, we have another big data source
for BDA: the JMA’s new geostationary meteorological satellite Himawari-8 that started full operations
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Fig . 6. Similar to Fig. 4a–d, but for 30-min single deterministic forecasts initialized from the ensemble means
of (a, e, i) 10-min NODA forecast, (b, f, j) 1KM analysis, and (c, g, k) 100M analysis, and for (d, h, l) actual radar
observation. The top, second, and third rows show 1520, 1530, and 1540 JST, corresponding to 10-, 20-, and
30-min deterministic forecasts initialized from the corresponding ensemble means, respectively. The cross
marks indicate the JMA gauge station at Kyotanabe.

in July 2015 with full-disk observations every 10 min
and simultaneous limited area observations every
2.5 min and even every 30 s. Radars capture raindrops, but not smaller cloud droplets, which satellite
imagery can capture at an earlier stage of convective development. Exploring an effective use of the
high-frequency geostationary imagery data from
Himawari-8 for further improvements of convective
predictability is an important focus of BDA research.
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Taken by Storm, 1938:

A Social and Meteorological History
of the Great New England Hurricane
LourdeS B. AviLéS

When the Great New England Hurricane of 1938 hit the Northeast
unannounced, it changed everything from the landscape, to Red
Cross and Weather Bureau protocols, to the measure of Great
Depression relief New Englanders would receive, and the resulting
pace of regional economic recovery. The science behind this storm
is presented here for the first time, with new data that sheds light
on the motivations of the Weather Bureau forecasters. This
compelling history successfully weaves science, historical
accounts, and social analyses to create a comprehensive
picture of the most powerful and devastating
hurricane to hit New England to date.
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