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We statistically evaluated the rainfall amount pre-
dicted by VIL Nowcast, which is designed using ver-
tically integrated liquid water content (VIL) through
experimental data obtained over five months from
June to October of 2015. The accuracy of predictions
for the start time of heavy rain, which are vital for issu-
ing warnings concerning localized heavy rain, was also
reviewed. We revealed that VIL Nowcast could predict
the rainfall amount more accurately than conventional
methods up to the first 20 min of the evaluation period
(30 min in total) with superior accuracy for the start
time of severe rain from isolated convective cells in the
first 10 min.
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1. Introduction

Localized heavy rain has been garnering attention as a
cause of urban flood disasters typified by street inunda-
tion and flooding of small and medium-sized rivers [1, 2].
The term “localized heavy rain” refers to a phenomenon
that causes short-term severe rainfall amounting to tens
of millimeters in a period from tens of minutes to ap-
proximately an hour, in spatial scales typically ranging
from several kilometers to between ten and twenty kilo-
meters. Localized heavy rain is produced by suddenly
developing cumulonimbus clouds [1–5]. Therefore, in or-
der to reduce and prevent damage from localized heavy
rain, it is important to improve the technology used to
monitor and predict the sudden development of these cu-
mulonimbus clouds [6]. In recent years, high-precision
rainfall measurement technology – offered via a dual-
polarization radar network primarily established in urban
regions by the Ministry of Land, Infrastructure, Trans-
port and Tourism of Japan – has rapidly improved the
technology used to monitor the sudden development of
cumulonimbus clouds [7]. Called the XRAIN (for eX-
tended RAdar Information Network), this radar network
has been used to reveal the dynamic mechanisms driving
heavy rain [8] and wind disasters [9] caused by the sudden

development of cumulonimbus clouds. Moreover, recent
years have witnessed the development of the phased-array
weather radar, a fast scanning radar capable of producing
three-dimensional (3D) observations under a minute [10]
and accurately detecting temporal evolution in suddenly
developing cumulonimbus clouds [11–13].

The development of technology to predict the sudden
development of cumulonimbus clouds, which produce lo-
calized heavy rain, is also advancing in conjunction with
the aforementioned improvements in radar technology.
With suddenly developing cumulonimbus clouds, only a
short time elapses between the first detection by radar and
the beginning of heavy rainfall. Therefore, the inability to
guarantee sufficient lead time to take appropriate action is
a significant issue.

Broadly speaking, two methods for predicting rainfall
are in use. One is the rainfall nowcasting method based
on time extrapolation [14–19]. The other is the radar data-
assimilation method [20–24], conducted on the scale of
cumulonimbus clouds. The former is a simple predic-
tion method capable of maintaining a practical lead time
for the imminent future, ranging from the present to an
hour ahead, whereas the latter is an advanced, calculation-
intensive prediction method that provides better accuracy,
especially for periods ranging from an hour to several
hours in the future. It is necessary to select the optimum
method for the target prediction range.

This paper will advance the discussion with a focus on
the rainfall nowcasting method based on time extrapola-
tion (hereafter, simply the nowcasting method), which is
expected to result in a direct increase in prediction ac-
curacy through enhancement in 3D cumulonimbus cloud
observation technology accompanying recent increases in
radar performance.

Nowcasting can be further classified into three cate-
gories based on the dimensionality of the input and analy-
sis variables. Here, the term “analysis variables” indicates
the variables obtained after the input variables are sub-
jected to processing; they are used to make predictions.
The three classifications are: (1) methods where a two-
dimensional (2D) rainfall distribution is input and simul-
taneously used as an analysis variable for predicting the
2D rainfall distribution (henceforth called conventional
methods); (2) a method where a 3D rainfall distribution is
input, the vertically-integrated liquid water content (VIL)
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is calculated as an analysis variable, and a 2D rainfall dis-
tribution is estimated (henceforth called the VIL Nowcast
(VILN) method) [3, 25]; and (3) a method where a 3D
rainfall distribution is input and simultaneously used as
an analysis variable, and a 2D rainfall distribution is esti-
mated (henceforth, the 3D nowcasting method) [26].

The details of the VILN method are described in [3]
and [25]. [25] reports that, while many conventional
methods use only low-altitude data from radar observa-
tions, the VILN method is capable of considering precip-
itation still in the sky – in other words, precipitation that
will fall in the near future. Therefore, the VILN method
has been reported to demonstrate a higher correlation with
observation results compared with the prediction results
from conventional methods in terms of temporal changes
in predicted rainfall. [25] concludes that the ability of the
VILN method to correctly predict the start time of strong
rains is reflected in these improvements in the correlation
coefficient.

The 3D nowcasting method was proposed by [26]. This
method uses the ability of the phased-array weather radar
to acquire 3D observations with high temporal resolution;
it estimates a 3D movement vector field from temporal
changes in 3D rainfall data captured every 30 s and uses it
to predict future 3D precipitation distributions and ground
rainfall. [26] reported that case analysis has confirmed
the superiority of the 3D nowcasting method over conven-
tional methods up to the first 10 min of prediction time.

The high-resolution precipitation nowcasting from the
Japan Meteorological Agency (JMA) [19] (hereafter
HRPN) makes predictions primarily from radar data from
an altitude of 1 to 2 km and additionally from radar data
from higher altitudes. In this sense, HRPN can be classi-
fied as a conventional method. Although [19] noted that
the temporal evolution of vertically integrated liquid wa-
ter from an altitude of 2 km to the echo-top height is
considered to modify the rainfall prediction, no further
mathematical details for the method and no quantitative
explanations on the contribution to the rainfall prediction
were available in [19]. When [27] compared the accuracy
of a travel vector field estimation method [28] based on
advection equations using the variational method – a con-
ventional method – with that of the HRPN method, almost
no difference was found. Therefore, this study will treat
the JMA HRPN as a conventional method.

[27] performed a statistical evaluation using threat
scores of the prediction accuracy of the JMA-HRPN (con-
ventional method) regarding both severe and light rain,
focusing on localized heavy rain. According to [27], for
a light precipitation intensity of 5 mm h−1, the threat
score was approximately 0.5 at 10 min forecast time, and
dropped to approximately 0.3 at 30 min. In contrast, for
severe rainfall with precipitation intensities of 30 mm h−1

or more, the threat score was approximately 0.3 at 10 min
and less than 0.1 at 30 min. Thus, conventional methods
statistically demonstrate a severe deterioration of predic-
tions in several tens of minutes for any precipitation inten-
sity, and the deterioration was more significant for intense
precipitation.

Although the VILN method and 3D nowcasting method
were ascertained to be superior to the conventional meth-
ods in each case study, they have never been reported to
have demonstrated statistical superiority. The effective-
ness of VILN and 3D nowcasting must be clarified by
identifying how accuracy changes for various rainfall in-
tensities and prediction lead times. To obtain a sufficient
number of statistical samples, this study will not statisti-
cally evaluate the accuracy of 3D nowcasting, which re-
quires the latest phased array weather radar observations
but VILN method proposed by [25] over a period of five
months in 2015. The objective of this study is to sta-
tistically evaluate the prediction accuracy of VILN com-
pared with that of the conventional methods, and further-
more, to evaluate the accuracy of the predicted start time
of severe rain by using the same statistical samples. In
other words, this study will statistically examine not only
whether VILN improves the accuracy of rainfall intensity
predictions, but also whether the start of severe rainfall at
both the initial stage and at a suddenly intensifying stage
can be predicted accurately.

2. Methods and Data

2.1. VIL Nowcast
As developed by [25], VILN is a system for predict-

ing rainfall up to 1 h in advance using radar rainfall in-
tensity and VIL calculated from X-band multi parame-
ter (MP) radar volume scan data. Consideration of pre-
cipitation aloft is expected to enable rainfall, particularly
severe rainfall, to be predicted immediately before they
pour down, more quickly than rainfall is observed on the
ground surface. The development of the basic concept of
VILN was inspired by the RadVil model proposed in [29],
based on the following hypotheses.

(1) The amount of change per unit time in water content
in the atmospheric column above a given grid square
is determined via a generation term that comprehen-
sively represents the loss caused by precipitation and
the apparent sources from freezing, melting, or ab-
sorbing. Therefore, the Lagrange time differential of
VIL can be represented by Eq. (1) as follows:

dVIL
dt

= S (t)−P(t)

where,
d
dt

=
∂
∂ t

+u
∂
∂ x

+ v
∂
∂ y

. . (1)

Here, S (kg m−2 s−1) represents the source term and
P (kg m−2 s−1) is the rainfall intensity at the ground
level. Further, u and v represent the east–west and
north–south components of the advection vector of
the rainfall area, respectively; they are presumed to
be uniform within the calculation domain. The esti-
mation of the advection vector uses the fast Fourier
transform (FFT) autocorrelation approach from [30].
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(2) It is presumed that VIL and rainfall intensity share
a linear relationship at a given timestep t through-
out the calculation domain (Eq. (2)). The coeffi-
cients τ and w are determined using the least-squares
method.

VIL(t) = τ (t) ·P(t)+w(t) . . . . . . (2)

Here, τ(s) represents the response time of VIL to
the ground rainfall intensity and w (kg m−2) can be
interpreted as the amount of water content included
in the atmospheric column, even though no rainfall
has been observed on the ground yet. w incorporates
the midair precipitation detected via 3D observations
and contributes to the extension of lead time for the
initial and suddenly intensifying stages of rainfall.

At each initial timestep, at first, S is calculated from
the rainfall intensity and the amount of change in VIL be-
tween the current and previous timesteps from Eq. (1).
Because τ and w can be estimated via the least-squares
method from Eq. (2), then P in Eq. (1) can be replaced
using Eq. (2).

dVIL
dt

+
VIL(t)
τ(t0)

= S (t0)− w(t0)
τ (t0)

. . . . . (3)

Here, t represents the initial timestep; S(t), τ(t), and
w(t) are presumed to be constant for the duration of the
prediction period. Eq. (3) is a first-order inhomogeneous
linear differential equation regarding VIL; therefore, the
predicted VIL at the next timestep (t + dt) can be ex-
pressed as Eq. (4).

In Eq. (4), VIL∗(t) expresses the advected field of
VIL(t) using advection vectors u and v estimated by FFT.
Once the future VIL is estimated with small timesteps, it
is possible to estimate 10-min rainfall amounts by once
again using Eq. (2) to convert VIL at each timesteps to
rainfall intensity, and then take temporal integration.

VIL(t +dt) =

e
− dt

τ(t0)VIL∗ (t)

+τ (t0)
(

S (t0)− w(t0)
τ (t0)

)(
1− e

− dt
τ(t0)

)
(4)

Another feature of the VILN in this study is its ability to
provide accurate estimations of the amount of water con-
tent (M) from dual-polarization radar observations. As
VIL is estimated by vertically integrating the amount of
liquid water content from the ground surface to the echo
top, the accuracy of M directly contributes to VIL esti-
mations. The method used to increase VIL estimation ac-
curacy is detailed below. First, as the reflectivity (Z) is
strongly influenced by the drop-size distribution, the esti-
mation of M uses the compound expression of the polari-
metric parameter of the specific differential phase (KDP)
and Z [3].

M =

{
a ·Zb, KDP ≤ 0.3 or 10 lnZ ≤ 35
0.991 ·K0.713

DP , else
(5)

Furthermore, as the temporal change of coefficients in
the Z–M relational expression is large, first M at grids
where KDP ≥ 0.3 and the estimation accuracy of the KDP–
M formula is deemed to be high is estimated. Then
the coefficients a and b in the Z–M relational expres-
sion (Eq. (5)) can be derived from Eq. (6) by using the
least-squares method. Finally, the Z–M expression with
the coefficients of a and b is applied to those grids where
KDP ≤ 0.3 or 10 lnZ ≤ 35. In the case where a and b have
no real solution, a pair of predetermined values would be
adopted.

log
(
0.991K0.713

DP
)
= b · log(Z)+ log(a) . . . (6)

2.2. Rainfall Data Used in the Analysis
The rainfall data used in this study serve two roles: in-

put values used to make predictions and true values used
to verify predictions. 3D distributions are required if the
data are to be used as input values; 2D distributions are
required if the data are to be used as true values. The data
used as input values for VILN consist of X-band MP radar
volume scan data from the two stations in Saitama and
Shin-Yokohama that compose a part of XRAIN. These
volume scan data are used to create 3D data at an east–
west width of 166 km, north–south width of 155.5 km,
and altitude of 12 km at a horizontal resolution of approx-
imately 500 m and a vertical grid resolution of 250 m (ap-
proximately 50,000 grids: 332 × 311 × 48). These 3D
data are used to calculate VIL via the vertically integra-
tion of rain water using Eq. (5). The temporal resolution
of the volume scan is 5 min. Eq. (4) is used to estimate
the 10-min rainfall from 10 min to 1 h in advance.

For the 2D rainfall distribution data required to pro-
vide true values in evaluating VILN predictions, based
on [7], a 2D, 1-min rainfall distribution is created from
the XRAIN per-minute low-elevation-angle observations,
which is then summed for the previous 10 min and used
(hereafter, the XRAIN previous-10-min rainfall). The
JMA’s HRPN [19, 27] initial rainfall distribution was also
examined as another candidate for the verification data.
The original horizontal resolution of these two data sets is
250 m, but linear interpolation for the VILN grid points
was used to make the resolution 500 m, matching that of
the VILN.

JMA AMeDAS 10-min rainfall data were used to de-
termine which of the two candidates for the verification
data was better suited to provide the true values. The
AMeDAS sites and prediction accuracy evaluation area
are shown in Fig. 1.

2.3. Identifying Cases of Rainfall
During the period of the verification test (from June 1,

2015, 0:00 to October 31, 2015, 23:55 Japan Standard
Time (JST, GMT +9)), the following procedure was fol-
lowed to identify cases of rainfall:

(1) The total number of grids where XRAIN previous
10-min rainfall exceeded 5 mm in the accuracy veri-
fication target area was identified.
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Fig. 1. Area of interest is represented in white. Blue points
are AMeDAS sites; data from sites circled in red were used
to verify accuracy.

Table 1. Number of selected cases and average case dura-
tion by month.

Jun. Jul. Aug. Sep. Oct.
Num. Case 14 20 24 17 3
Avg. Duration 3:50 3:35 3:30 6:25 2:35

(2) To avoid identifying too many cases covering only
a brief period of rainfall, smoothing was applied on
the time series for the number of grids identified in
step (1) using moving averages for each timestep that
included the periods before and after.

(3) From the time series data for the smoothed num-
ber of grids exceeding the rainfall threshold, sec-
tions where the number of grids exceeded 100 and
the rainfall threshold was exceeded continuously for
30 min or more were identified.

(4) A case of rainfall was identified as the period from 30
min before the start of rainfall to the time the rainfall
ended in the identified segment.

Seventy-eight rainfall cases were identified overall.
The average period of rainfall was 3 h 35 min; the short-
est period was 1 h, and the longest was 25 h 25 min. The
number of cases and the average periods of rainfall by
month are listed in Table 1.

2.4. Evaluation Method
Three evaluation operations were conducted in this

study.

2.4.1. Evaluation of 2D Rainfall Distribution Data
The 10-min rainfall values from AMeDAS were used

as the true values, and the accuracy of current rain-

fall estimations for the AMeDAS site nearest-neighbor
grid square was evaluated for both the XRAIN previous
10-min rainfall amounts and HRPN previous 10-min rain-
fall calculated from the initial value. Evaluations were
performed using methods such as correlation coefficients
and root-mean-square error (RMSE) using AMeDAS data
from the sites circled in red in Fig. 1.

2.4.2. Evaluation of Prediction Accuracy for Various
Rainfall Intensity Thresholds

The prediction maximum range of HRPN is 30 min,
therefore, the accuracy evaluation was conducted up to
30 min. Initially, as in Section 2.4.1, the prediction
evaluation for both VILN and HRPN were conducted
at AMeDAS grid points using 10-min integrated rainfall
from AMeDAS as the truth. An evaluation was also per-
formed using the 2D rainfall distribution data that were
deemed true values via Section 2.4.1. The grid-to-grid
evaluation method, where rainfall is directly compared
for each grid square, was adopted with threat scores [31].
The threat score is also called the critical success index
(CSI); it counts cases where a given variable satisfies
a certain criterion as matches and represents the num-
ber of cases where the prediction and the actual obser-
vation match (hits, H) normalized by the total number of
cases, including those where only the prediction matches
the correct reading (F) and the number of cases where
only the actual observation matches (M). In other words,
CSI = H/(H +F +M). CSI is always a value between 0
and 1; the closer it is to 1, the more accurate the predic-
tion is. A threat score is calculated for each lead time and
each of several rainfall intensities for VILN and HRPN,
respectively.

2.4.3. Evaluation of Prediction Accuracy for Severe
Rain Start Time

Traditional indices (hit rate, threat score, etc.) cannot
evaluate one of the goals of VILN, namely, improvement
in the delay in predictions for the initial and suddenly in-
tensifying stages of rainfall. However, from the stand-
point of warning levels, it is very important to accurately
estimate when the rainfall intensity begins to exceed a
threshold in a certain place. The method proposed in [25]
was used to evaluate the mismatch in determining the start
time of severe rain – in other words, whether the warning
was late.

The accuracy of the prediction of the start time of se-
vere rain was evaluated for each prediction period (lead
time). First, for each prediction time, the instant when
true values for rainfall in each grid exceeds a specified
threshold (TREF ) and the instant when the predicted rain-
fall exceeds that threshold (TNC) were identified. Sub-
sequently, TREF and TNC were compared, and the results
were classified into one of five categories, explained be-
low. If TNC and TREF match, it is counted as a “Hit.” Even
if, strictly speaking, the difference between TNC and TREF
is within 30 min (|TNC −TREF | ≤ 30), it is a false alarm; in
the case TNC was earlier than TREF (−30 ≤ TNC −TREF <
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Fig. 2. Examples of rainfall amount distribution. (a) VILN
from June 5, 2015, 10:40 and (b) XRAIN previous 10-min
rainfall until 10:50. The gray indicates areas outside the
XRAIN observation area.

0), we classified it as “Early,” whereas if the opposite is
true (0 < TNC −TREF ≤ 30), the category is “Late.” If TNC
is more than 30 min earlier than TREF , or if TREF does not
exist, then it is classified as “False”; if TNC is more than
30 min later than TREF , or if TNC does not exist, it is clas-
sified as a “Miss.” The meanings of “False” and “Miss”
here slightly differ from the commonly used meanings of
False and Miss, which are used to evaluate prediction ac-
curacy based on whether or not rainfall has occurred.

3. Results

Figure 2 shows an example of VILN output: VILN
prediction results using data from June 5, 10:40 as their
initial values and XRAIN previous 10-min rainfall results
up to 10:50. In the VILN, a single advection vector for the
precipitation field is applied to the entire prediction do-
main. Because the precipitation field is time-extrapolated
via the same advection vector, values that are incom-
putable influx from outside the observation area, and the

Fig. 3. Comparison of (a) XRAIN previous10-min rainfall
and (b) HRPN initial values with AMeDAS 10-min rainfall.
Color indicates the number of samples.

rainy area becomes discontinuous at the boundary area. In
contrast, the HRPN features a broad calculation area, and
hence, no such problem occurs. By nature, it is desirable
for the border of the calculation domain to be removed
from the target of the accuracy evaluation as a buffer area.
However, as the advection vector differs depending on the
rainfall cases and so does the influx area, the entire cal-
culation domain, including the new influx range, was re-
garded as the validation target.

3.1. Selection of 2D Rainfall Distribution Data Used
as True Values

To select the 2D rainfall distribution data to be used
as the true values in this prediction accuracy evaluation,
the XRAIN previous-10-min rainfall data and the HRPN
initial values were compared with the AMeDAS 10-min
rainfall. The rainfall for the entire experimental period
and all 78 cases of rainfall identified via the method
shown in Section 2.3 were targeted. When the slope
of the regression line, correlation coefficient, and RMSE
were identified, it was observed that the XRAIN previous
10-min rainfall tended to underestimate rainfall slightly;
however, it was deemed to be closer to AMeDAS 10-min
rainfall than the HRPN initial values, which tend to over-
estimate rainfall.

Figure 3 shows the density distribution plots for the se-
lected 78 rainfall cases. For the XRAIN previous10-min
rainfall (HRPN initial value), the slope of the regression
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Fig. 4. Comparison of (a) VILN and (b) HRPN 10-min pre-
diction rainfall with truth data (AMeDAS 10-min rainfalls).
Color indicates the number of samples.

line, correlation coefficient, and RMSE are 0.830 (1.357),
0.88 (0.85), and 0.46 mm (0.86 mm), respectively. Based
on these results, the accuracy of the 2D distribution of the
predicted rainfall from Section 3.2 onward was evaluated
using the XRAIN previous10-min rainfall.

3.2. Evaluation of Prediction Accuracy in the Grid-
to-Grid Manner

First, we evaluated the 10-min prediction rainfall
amount from VILN and HRPN at AMeDAS grid points
(Fig. 4) as the same manner in the Section 3.1. We
noted that the “10-min prediction rainfall amount” indi-
cates the predicted rainfall amount integrated from the
prediction start time to 10 min later (hereafter, denoted
as 10-min prediction rainfall, and 20-min and 30-min pre-
diction rainfall in Table 2 are defined similarly). For the
VILN, the correlation coefficient was 0.83 and the RMSE
was 0.66 mm. In contrast, the HRPN showed worse re-
sult; the correlation coefficient was 0.79 and the RMSE
was 0.94 mm.

Table 2 shows an overview of the results for longer lead
time. For any lead times, VILN showed better scores (a
higher correlation coefficient and a smaller RMSE) than
HRPN.

Second, we evaluated the predicted rainfall distribu-
tions in the grid-to-grid manner from VILN and HRPN
using the XRAIN previous-10-min rainfall distribution
as the truth based on the evaluation in the Section 3.1

Table 2. Comparison of prediction accuracy such as regres-
sion coefficient (Reg. C), correlation coefficient (R2), root-
mean-squared error (RMSE) at AMeDAS sites for VILN and
HRPN. “10 min,” “20 min,” and “30 min” correspond to ac-
curacy evaluation results for 10-min, 20-min, and 30-min
prediction rainfall, respectively (see text).

10 min 20 min 30 min
VILN HRPN VILN HRPN VILN HRPN

Reg. C 0.954 1.199 0.823 0.898 0.636 0.704
R2 0.827 0.786 0.714 0.620 0.567 0.505
RMSE 0.657 0.937 0.821 1.117 0.911 1.152

Fig. 5. Evaluation of prediction accuracy of VILN (solid
line) and HRPN (dotted line) using threat scores (CSIs). Dif-
ferences in line color represent the differences in rainfall in-
tensity thresholds.

(Fig. 5). This true rainfall distribution enables us to in-
crease the sampling number for the evaluation, even if we
focus on the strong precipitation area. Therefore, as in
Fig. 5, we analyzed the predicted rainfall amount at the
grid point with rainfall intensities of 10 mm h−1 or more,
30 mm h−1 or more, and 50 mm h−1 or more, respectively.
As a result of examining 81,357 grids from 78 selected
rainfall cases, VILN was confirmed to yield a larger threat
score than HRPN for any lead time and any precipitation
intensity thresholds. The results are consistent with those
shown in Fig. 4. Furthermore, as shown in Fig. 5, the
shorter the prediction lead time, particularly for thresh-
olds of 30 mm h−1 or more and 50 mm h−1 or more, the
larger the difference in results between VILN and HRPN.
Therefore, VILN has been statistically demonstrated to be
significantly superior to conventional methods, especially
in the stronger rainfall events.

3.3. Evaluation of Prediction Accuracy for Severe
Rain Start Times

As shown in Section 3.1, XRAIN previous-10-min
rainfall has a higher conformance with AMeDAS rain-
fall than HRPN initial values. Therefore, XRAIN previ-
ous 10-min rainfall was used as true rainfall values in the
evaluation of prediction accuracy for the start time of se-
vere rain. Generally, the prediction accuracy of nowcast-
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Fig. 6. Category distribution of prediction results for the
start time of severe rain for (a) VILN and (b) HRPN. VILN
produced superior results for the case lasting from Sept. 9,
9:30 to Sept. 10, 11:00. The colors represent prediction re-
sult categories.

ing declines greatly as prediction time and precipitation
intensity thresholds increase. This trend was observed in
our results as well. As shown in Fig. 5, if the lead time
exceeds 20 min, threat scores (CSIs) for both VILN and
HRPN drop below 0.25 for rainfall of 30 mm h−1 or more
(deemed severe rain by the JMA) and dip below 0.4 even
for the lowest rain threshold (10 mm h−1). Concerning
the localized heavy rainfall, several disasters had occurred
in recent years as the results of flash flood caused by the
suddenly increasing of rainfall intensity at about 10 min.
Therefore, it is necessary to scrutinize the prediction ac-
curacy on short time scales. This section focused on the
evaluation of how accurately the start time of heavy rain-
fall (30 mm h−1 or more) were predicted using the 10-
min-ahead nowcast values, where CSIs were highest.

Of the 78 selected cases, VILN recorded more grids
with Hits than HRPN in 56 cases, for a total of
67,709 more grids. The case with the greatest difference
in the number of Hit grids concerns the rainfall associated
with the Typhoon Etau (T1818), occurring from Septem-
ber 9, 9:30 to September 10, 11:00 (Fig. 6). VILN scored
Hit for 27,739 grids, an improvement of 14,992 grids
over HRPN. Grids in VILN where False was recorded to-

Fig. 7. Identical to Fig. 6, except showcasing the case from
Aug. 30, 23:55 to Aug. 31, 2:40, where HRPN produced
superior results.

taled 21,251, which was 19,000 grids fewer than those of
HRPN.

The case where HRPN scored a greater number of grids
with Hit than VILN occurred at the rainfall from August
30, 23:55 to August 31, 2:40 (Fig. 7). HRPN correctly
predicted the start time for 753 more grids than VILN and
recorded 1,437 more grids with False. In terms of an over-
all case average, VILN recorded Hits for approximately
40% more grids than HRPN.

Furthermore, Figs. 6 and 7 illustrated the levels (10,
20, and 30 min) of earliness and lateness in predictions
according to the difference of TNC and TREF , which is de-
noted by the numbers in brackets.

If the number of grids belonging to each category as
defined in Section 2.4.3 was divided by the total number
of grids where the true value or predicted value surpassed
the threshold, it is possible to calculate an apparent score
for each case (hereafter, Hit rate, Early rate, Late rate,
False rate, and Miss rate; see Table 3). The total case
average Hit rate for VILN was 32.1%, slightly lower than
its False rate at 39.4%. In contract, the average Hit rate
for HRPN was 21.8% and False rate was 49.6%. The case
where VILN recorded the highest Hit rate was a typical
convective rainfall that occurred in Tochigi and south part
of Ibaraki Prefectures on July 23 from 17:10 to 19:15;
here, its Hit rate was 51.7%. Conversely, the lowest Hit
rate was 1.7%, which occurred at a rainfall from June 5,
17:40 to 20:00; the Miss rate was 9.7% whereas False rate
was 80.6%.
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Table 3. Apparent total case average scores (%) for predic-
tions of start time of severe rain for VILN and HRPN.

HIT EARLY LATE MISS FALSE
VILN

Avg. 32.1 5.4 15.3 7.8 39.4
Var. 9.8 4.1 7.3 2.9 15.1
Max. 51.7 20.5 35.0 15.9 80.6
Min. 1.7 0 2.0 2.6 9.3

HRPN
Avg. 21.8 7.4 14.5 6.6 49.6
Var. 9.5 4.8 10.7 5.2 15.7
Max. 43.5 22.8 53.3 28.2 87.9
Min. 4.8 0 0.2 0.3 5.6

To compare VILN and HRPN further using apparent
scores, the case in which VILN demonstrated the greatest
superiority is a case of convective rainfall on June 20 that
lasted from 18:00 to 19:25. VILN produced a Hit rate of
51.5%, far higher than the value of 21.6% from HRPN.
The case where VILN performed the most poorly in com-
parison was the rainfall on August 13 lasting from 3:25
to 4:50; the Hit rate of VILN was 26%, whereas HRPN
produced approximately a 10-percentage-point higher Hit
rate of 35.7%.

4. Discussion

This section will discuss the results of the prediction
accuracy evaluations and primarily examine remaining is-
sues with VILN.

4.1. Rainfall Intensity Thresholds and Lead Times
As shown in Section 3.2 (Fig. 5), the prediction accu-

racy decreases as the lead time and rainfall intensity in-
crease. When the threshold for rainfall intensity is as high
as 30 or 50 mm h−1, it is apparent that there is a large dif-
ference between the threat scores of VILN and the con-
ventional method represented by HRPN with lead times
of 10 or 20 min.

Concerning severe rainfall, when hourly rainfall ex-
ceeds 30 mm and damage is more liable to occur, accurate
predictions can prevent or reduce the severity of disasters.
From this standpoint, VILN has demonstrated superior ef-
fectiveness compared with the conventional methods.

To analyze the reasons why the threat scores of VILN
were higher than those of HRPN, the false-alarm ratio
(FAR) and probability of detection (POD) of both now-
casts were calculated (Fig. 8). By using the terms used in
Section 2.4.2, FAR =F/(H+F) and POD =H/(H+M).
The closer FAR is to its minimum of 0, the fewer the
false alarms; the closer POD is to its maximum value of
1, the fewer the misses. Compared with HRPN, VILN
had a lower value of FAR and fewer false alarms for all
three rainfall intensity thresholds up to a lead time of 30
min. As the prediction time increases, the difference of
FAR between the two methods becomes smaller. On the

Fig. 8. Identical to Fig. 5, but using (a) false alarm ratio
(FAR) and (b) probability of detection (POD).

other hand, the difference in values of probability of de-
tection is smaller between the two nowcasting methods
for both strong rainfall intensities (30 mm h−1 or more
and 50 mm h−1 or more). For the threshold of 10 mm h−1

or more, however, HRPN produced larger values of POD
for all lead times and fewer miss. Therefore, the low FAR
of VILN for predicting rainfall with a broad range of in-
tensity (10 mm h−1 and more) could be deemed one of
the reasons for its high accuracy. In contrast, HRPN has
remarkably fewer oversights to be served as safety predic-
tions for rain of intensity 10 to 30 mm h−1.

4.2. Characteristics of Severe Rain Start Time Pre-
diction Accuracy

The results of the prediction accuracy evaluation of
start time of severe rain make it evident that prediction
accuracy varies greatly depending on the individual case
(Table 3). The Hit rate of VILN for start time was on
average 10.3 percentage points higher than that of HRPN.
From these results, it can be observed that VILN predicted
the timing of when severe rainfall with a rainfall rate of
30 mm h−1 or higher would occur more accurately than
HRPN.

Conversely, the differences in False and Miss rates be-
tween VILN and HRPN (the rate of VILN – the rate of
HRPN) were determined to be 1.2% and −10.2%, respec-
tively, with HRPN having a slightly better Miss rate than
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VILN but recording many more False grids. These results
are consistent with the statistical accuracy evaluation re-
sults detailed in Section 4.1. As shown in Fig. 4, HRPN
tends to overestimate 10-minlead-time rainfall. The num-
bers of False grids could be considered as the result of
combined effect of false alarms and overestimation. In is-
suing warnings, false alarms can have a negative effect;
hence, the attempt to reduce the false alarm rate should be
important as well.

The Miss grids of VILN are the most numerous on the
edges of the prediction calculation area. As the VILN
calculation domain is limited to the observation range
of two radars, the nowcasting cannot predict rainfall at
newly-influxed grids from outside the domain. In con-
trast, HRPN has coverage across Japan and does not en-
counter such problems.

Examining the bottom 10% of cases for the Hit rate of
VILN (8 cases in total), all are cases where rainfall was
observed spanning a wide area, and in addition, sharing
some feature of movement of the rainy area. Focusing on
the case where VILN returned the worst results, namely,
the example from June 5, in which the prediction accu-
racy of start time of severe rainfall is remarkably low. The
distribution of colors in Fig. 9 shows the XRAIN rainfall
intensity. For this example, rainfall was observed across
almost the entire observation domain with an overall east-
ward movement (A → A′) in Fig. 9. Starting at approxi-
mately 17:00, strong precipitation cells of 30 mm h−1 or
more formed in the neighborhood of Shinjuku and Fuchu
(C and B). The movements of B and C were different from
the overall direction: cell B practically stagnated (B →
B′), and cell C moved in a northwest direction (C → C′) in
Fig. 9. The VILN did detect these strong cells, but as they
were advected in the direction of movement of the entire
rainfall field, it resulted in many False grids on the eastern
side of these strong rainfall cells. As the VILN presumes
that the rainfall field moves in a uniform direction, it can-
not reproduce the situation if the individual rainfall cells
are moving in different directions from the overall rainfall
field, and therefore leads to a deterioration in prediction
accuracy. Moreover, in all cases, the Miss grids are most
densely distributed at the boundaries of the rainfall field,
which also implied that the calculation errors in the ad-
vection vector might be one of the causes of high Miss
ratio. Therefore, the challenge for VILN is to derive the
appropriate movement vector; in a rainfall case where pre-
cipitation cells are moving in a different direction within
the same calculation domain, it is easy for prediction ac-
curacy to suffer.

Conversely, in 13 cases of localized rainfall where over
90% of the prediction calculation area had no rainfall and
when the period of continuous rainfall was 3 h or less,
the start time Hit rate for VILN (29.9% on average) was
10 percentage points higher than that of HRPN (19.9%
on average). In particular, in all nine examples where
the rainfall field were localized, VILN delivered a higher
overall number of start time Hit grids than HRPN. The
best results were obtained on August 7, from 20:45 to
23:10, where VILN delivered 1,134 grids with a start time

Fig. 9. XRAIN rainfall intensities for June 5 at (a) 17:20
and (b) 17:30. In (a), A indicates the total area with rainfall
of over 5 mm h−1; B and C are two cells of intense rainfall
(40 mm h−1 or more). A, B, and C correspond to A′, B′, and
C′, respectively, in (b).

Hit that is over twice that of HRPN, which delivered only
483 such grids. The features found in the high score cases
were (1) rainfalls were caused by isolated cells, other-
wise (2) rainfall cells were moving in the same direction
if multiple rainfall cells were present. It is believed that
the ability of VILN to consider raindrops aloft contributes
to its strong prediction results. This sort of localized rain-
fall is considered to be one of the rainfall types for which
conventional nowcasting methods, including HRPN, have
produced a large degree of prediction error in the past.
The reduced prediction error produced by VILN for this
type of rainfall could be considered one of the hallmarks
of the method.

5. Conclusion

This study statistically evaluated the prediction accu-
racy of rainfall nowcasting using vertically integrated liq-
uid water content (VILN [25]) calculated using 3D radar
data. The evaluation was performed using the results of
predictions for experimental verification tests (VIL-2015
experiment) conducted over a period of five months in
2015. The accuracy of predictions of whether rainfall
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would exceed the given intensity thresholds was evalu-
ated. The accuracy of predictions for the start time of se-
vere rainfall was also evaluated, given the importance of
such predictions for issuing localized heavy rainfall warn-
ings.

The results were compared with the prediction results
from the JMA’s HRPN method, classified by this study
as a conventional nowcasting method. The comparison
demonstrated that VILN boasted high prediction accu-
racy for a broad range of rainfall intensities exceeding
10 mm h−1 owing to the lesser number of false alarms
in its predictions; the method yielded particularly high
accuracy for 10-min nowcasting regarding the start time
of severe rainfall from isolated cells. A future challenge
for VILN is identified: enhancing the sophistication of its
algorithms to enable it to identify appropriate advection
vectors for cases featuring both a wide area of precipi-
tation and isolated cells existing and moving in different
directions.

From the perspective of disaster prevention and reduc-
tion, prediction information is required to coordinate pub-
lic behavior for both localized heavy rain, which has been
the focus of this study, and meso-scale extreme rainfall,
which is on a larger spatial and longer temporal scale than
localized cells. The statistical evaluation of prediction ac-
curacy performed in this study based on a comparison of
VILN with a conventional nowcasting method. The pre-
diction accuracy must be increased and the limitation of
the prediction must be communicated appropriately to the
end users in order to boost confidence in prediction in-
formation. Furthermore, from the perspective of users
of prediction information, it is also important to consider
evaluation methods according to the users’ needs and de-
mands in order to link our results of this social experi-
ment with societal implementation. During the same pe-
riod as validation, we conducted a social experiment with
approximately 2,000 testers, in which we sent warnings
by VILN to the testers and received their feedback. Anal-
ysis of the relationships between the physical prediction
accuracy and users’ feedback from the social experiment
might lead to a more practical and useful system.
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