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because of its inherent characteristics at a fine temporal scale
(e.g., heterogeneous rain gauge distribution, zero values, miss-
ing values). While radar supplies high temporal and spatial
resolution rain rate and rainfall accumulation, the accuracy is
usually lower than that of rain gauges due to increasing scanning
angles at distances farther away from the radar station, particu-
larly when radar stations are on different islands; potential beam
blockage by terrain; attenuation; and dynamic relationships be-
tween rainfall reflectivity and rain rate. Giambelluca et al. (2013)
attempted to incorporate the National Oceanic and Atmospheric
Administration (NOAA) Next Generation Weather Radar
(NEXRAD) level III radar estimates into mean monthly and an-
nual rainfall estimates in Hawai‘i. However, they did not include
radar data on final annual rainfall interpolations, because they
provided little improvement over other predictors. Instead,
they included Parameter-Elevation Regressions on Indepen-
dent Slopes Model (PRISM; Daly et al. 1994), fifth-generation
Pennsylvania State University–NCAR Mesoscale Model (MM5;
Dudhia 1993) with localized adjustment (Yang and Chen 2008),
and vegetation information (see Giambelluca et al. 2013) as pre-
dictors with rain gauge data. Since 2020, the NOAA National
Weather Service in Hawai‘i has used the Multi-Radar Multi-
Sensor (MRMS) quantitative precipitation estimation (QPE) to
support their forecasts. The MRMS system is implemented at the
National Centers for Environmental Prediction (NCEP) and
commonly used in the continental United States. It generates
gridded rainfall at resolutions of 1 km and subdaily radar QPE in-
corporating gauge rainfall by bias adjustment and precipitation
climatology (Zhang et al. 2016). Prior to MRMS, there was no
other subdaily integrated radar and gauge QPE in Hawai‘i.
Therefore, radar rainfall is underutilized by hydrologists because
of the aforementioned limitations and poor historical accessibility
(Fares et al. 2014). Recently, Huang et al. (2022) improved data
accessibility of hourly gauge and radar rainfall across the Hawai-
ian Islands. In this study, we will extend these efforts by 1) pro-
ducing a spatially continuous, high temporal (e.g., hourly) and
high spatial (e.g., 250-m grid) resolution rainfall dataset and 2) ex-
amining whether a merged dataset (2015–20) of gauge and radar
rainfall improves the accuracy of rainfall estimates for O‘ahu.

In the past two decades, many approaches have been used
to merge different types of rainfall measurements, for exam-
ple, gauge, radar, and satellite measurements. Merging gauge
and radar rainfall is a common exercise to obtain high tempo-
ral and spatial resolution rainfall (Goudenhoofdt and Delobbe
2009; Haberlandt 2007). By combining radar and gauge meas-
urements, we expect to keep the strength and minimize the
weakness of each measurement. Approaches for merging gauge
and radar rainfall can be categorized into three groups: radar
bias reduction, rain gauge interpolation with radar spatial pat-
tern, and gauge–radar integration (e.g., Ochoa-Rodriguez et al.
2019; McKee and Binns 2016; Sideris et al. 2014; Goudenhoofdt
and Delobbe 2009). The radar bias reduction method includes
the mean field bias (MFB) reduction (Hitschfeld and Bordan
1954) and its modifications (Brandes 1975; Wilson 1970; Wilson
and Brandes 1979; Borga 2002; Michelson and Koistinen 2000).
Radar bias reduction methods improve radar rainfall based on
the gauge rainfall; however, the adjustments are applied on the
radar coverage and do not provide full coverage of the spatial

extent. This is due to the possibility of missing values in radar
data because of beam blockage by the complex terrain. The in-
terpolations of rain gauge with radar spatial patterns include con-
ditional merging, that is, ordinary kriging with radar-based error
correction (KRE; Sinclair and Pegram 2005) and kriging with
external drift (KED). Conditional merging uses the radar field to
estimate the error associated with ordinary kriging (OK) based on
gauge rainfall and corrects it. KED uses radar as secondary
information to gauge rainfall and assumes the gauge rainfall is lin-
early correlated with radar rainfall. The gauge–radar integration
includes cokriging (CoK) (Krajewski 1987) and Bayesian data
combination (BDC; Todini 2001) and aims to minimize the esti-
mation uncertainty. The interpolations with radar spatial patterns
assume gauge rainfall is the true rainfall, whereas the gauge–radar
integration assumes that the two measurements are both equally
true rainfall. In this study, we adopt the rain gauge interpolation
with radar spatial pattern and aim to improve the spatial coverage
to extend over a mountainous tropical island. To facilitate the later
hydrological application, we consider the rain gauge measure-
ments as the true rainfall received on the ground.

McKee and Binns (2016) pointed out a few considerations
when selecting the gauge–radar merging methods, including
1) density of rain gauge networks, 2) climate and storm char-
acteristics, 3) proximity of the radar stations, 4) basin re-
sponse time, and 5) time step of adjustment. With the above
considerations, we decided to adopt KED for merging gauge
and radar rainfall on O‘ahu for the following reasons:

• Gauge rainfall in Hawai‘i has relatively high confidence
compared to available radar rainfall (see the reasons we
listed in the second paragraph of the introduction). With
that in mind, rain gauge interpolation with radar spatial
pattern is superior to gauge–radar integration, because it
considers gauge rainfall with more accuracy as true rainfall.
KED is superior to KRE, because KRE still relies on the
high quality of radar rainfall (Rabiei and Haberlandt 2015).

• The density of rain gauges on O‘ahu ($70 hourly rain gauges
over an area of 1546 km2 with the average nearest-neighbor dis-
tance of 4.1 km) is enough to overcome the sensitivity issues of
the KED method to rain gauges (McKee and Binns 2016;
Berndt et al. 2014; Goudenhoofdt and Delobbe 2009).

• Previous studies suggest that KED outperformed other
methods for merging gauge and radar rainfall (e.g., Erdin
2009; Velasco-Forero et al. 2009; Rabiei and Haberlandt
2015; Delrieu et al. 2014).

Although KED is widely used for merging gauge and radar
rainfall and has been used to generate high temporal resolu-
tion (subhourly) rainfall data, most prior studies were con-
ducted on continents (e.g., Erdin 2009; Velasco-Forero et al.
2009; Haberlandt 2007; Rabiei and Haberlandt 2015; Ly et al.
2013; Delrieu et al. 2014; Berndt et al. 2014) or bigger islands
in the midlatitudes (e.g., Great Britain; Nanding et al. 2015;
Cecinati et al. 2017; Jewell and Gaussiat 2015). These studies
rarely focused on mountainous areas, or if they did, the perfor-
mance of KED in mountainous areas was worse than in flatter
areas, and rainfall was poorly validated (e.g., Erdin 2009; Jewell
and Gaussiat 2015). The performance of KED on mountainous
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tropical islands with different storm types and rainfall structures
(convective vs stratiform) remains unknown.

The aim of this study is to deliver gridded hourly rainfall suitable
for studying severe floods in mountainous tropical islands. We plan
to integrate the available radar and rain gauge data to deliver
gridded hourly rainfall on O‘ahu as a pilot study to identify meth-
ods to generate high temporal and spatial rainfall data for moun-
tainous tropical islands. We evaluated and validated the approaches
by examining the performance of radar-only, gauge-only, and
merged radar–gauge (i.e., KED) rainfall estimates during 18 severe
storm events to answer the following questions: 1) Does merging
gauge and radar rainfall with the KEDmethod perform better than
using gauge-only or radar-only rainfall estimates? 2) If the KED
rainfall estimate is better than gauge or radar rainfall, is it uniformly
superior in all weather systems? The organization of this paper is as
follows: in section 2, we provide information on the data sources
and a description of event selection, gauge rainfall, and radar rain-
fall; in section 3, we outline the methods used for identifying rainfall
types, merging different rainfall products, and conducting valida-
tions; the results are presented based on events, storm types, and
rainfall structures in section 4; in section 5, we discuss the advan-
tages of incorporating radar data into rainfall estimates, address po-
tential radar bias, highlight improvements in estimating convective
rainfall, discuss applications, and outline the limitations of our study;
finally, we conclude the paper with key findings and recommenda-
tions for applying merging radar–gauge on mountainous tropical is-
lands in section 6. The supplementary tables and figures supporting
this study can be found in appendix A. A glossary of abbreviations
and terms used in this paper can be found in appendix B.

2. Data

a. Event selection

We incorporated rain gauge and radar data to generate the hy-
brid QPE for 18 severe rainfall events between 2015 and 2020 on
O‘ahu (Table 1). We selected the rainfall events reported in
the NCEI Storm Events Database (https://www.ncdc.noaa.gov/
stormevents/). Based on the descriptions of each event, the events
can be summarized into five storm types: tropical cyclone (TC),
cold front, upper-level trough, kona low, and mix of upper-level
trough and kona low. Tropical cyclones usually only occur dur-
ing the dry season (May–October), with maximum sustained
winds. 39 mph. Cold fronts can produce heavy rainfall, along
with southerly prefrontal winds and northerly postfrontal winds
(Kodama and Barnes 1997; Longman et al. 2021). Upper-level
troughs occur near or over the Hawaiian Islands any time of the
year and are identified by the absence of a low-pressure center
at the surface (Kodama and Barnes 1997; Longman et al. 2021).
Finally, kona lows occur when a cold core system gets cut off
from the upper-level westerly winds and develops a closed sur-
face low (Simpson 1952; Kodama and Barnes 1997; Longman
et al. 2021). In this study, we have three TCs, two cold fronts
(CFs), seven upper-level troughs (ULs), two kona lows (KLs),
and four mixed upper-level trough and kona lows (Mix).

b. Rain gauge data

We separated the quality-controlled hourly gauge rainfall
from 73 rain gauges on O‘ahu from Huang et al. (2022) into

subsets (Fig. 1). For each event, a rain gauge was included in
the analysis if the rain gauge had hourly rainfall data covering
more than 80% of the validation duration, one day before/
after the begin/end dates. The number of rain gauges used for
each event validation ranges from 42 to 66. The correlations
between pairs of gauges and their distance are in negative re-
lationships (Fig. A1 in appendix A).

c. Radar data

We used NEXRAD level II radar reflectivity (NationalWeather
Service Radar Operations Center 1991) and sounding data
from the atmospheric sounding website hosted by the Depart-
ment of Atmospheric Science, University of Wyoming (http://
weather.uwyo.edu/upperair/sounding.html), to identify rainfall
type and the hourly radar rainfall data with a grid size of
0.0058 3 0.0058. The NEXRAD system is a network of high-
resolution S band dual-polarimetric Doppler radars, withmaximum
coverage of a 230-km radius for Doppler velocity and a 460-km
radius for reflectivity, with the typical lowest sweep angle at 0.58.

The radar rainfall was obtained by applying the Lidar
Radar Open Software Environment (LROSE; Dixon and
Javornik 2016) on NEXRAD level II radar reflectivity with
5–6-min temporal resolution. There were no missing radar
data in selected storm events. The application of LROSE to
radar data provides data quality control algorithms, including
clutter detection and mitigation (Hubbert et al. 2009), quality
metrics and error assessment (Bell et al. 2013), attenuation cor-
rection in precipitation (Gu et al. 2011), and the vertical profile
of reflectivity adjustment (Kirstetter et al. 2013). For the hourly
rainfall, the rain rate accumulates within the radar volume at
each grid and is converted to precipitation depth at hourly inter-
vals. We applied the modified NCAR hybrid method (Dixon
et al. 2015) with hydrometeor information and localized the
reflectivity–rain rate relationship, Z 5 250R1.2, where Z is
the radar reflectivity and R is the rain rate of each radar scan.
The detailed processes are described in Huang et al. (2022).

The radar rainfall product in Huang et al. (2022) is a product
of four NEXRAD radar stations across the state and was
masked to exclude areas with high uncertainty. Here, we used
the radar rainfall dataset without the mask because we expected
to incorporate gauge rainfall to reduce the bias/errors. The ra-
dar rainfall on O‘ahu mainly came from the radar station on
Moloka‘i (PHMO; Fig. A2). The radar rainfall for the northeast
of O‘ahu, where the lower angle beams of PHMOwere blocked
by terrain, came from Kaua‘i (PHKI; Fig. A2). The distances
between PHMO and the rain gauges on O‘ahu range from
53 to 123 km, and the distances between PHKI and the gauges
range from 138 to 206 km. All rain gauges are in both radars’
scanning range; however, the accuracy of radar rainfall usually
decreased when the target locations were farther away, when
the gauges could only be scanned at a higher angle.

3. Methodology

a. Rainfall structure

In this study, the rainfall structure (i.e., convective vs strati-
form) of each event was assessed and determined to facilitate

HUANG E T AL . 2241DECEMBER 2023

Authenticated cgarrison@ametsoc.org | Downloaded 12/06/23 10:32 PM UTC

https://www.ncdc.noaa.gov/stormevents/
https://www.ncdc.noaa.gov/stormevents/
http://weather.uwyo.edu/upperair/sounding.html
http://weather.uwyo.edu/upperair/sounding.html


T
A
B
L
E
1.

T
he

re
su
lt
s
fr
om

po
in
t-
to
-g
ri
d
cr
os
s
va
lid

at
io
n
of

18
se
le
ct
ed

se
ve
re

st
or
m

ev
en

ts
be

tw
ee

n
20
16

an
d
20
20

fo
r
va
lid

at
io
n
(t
hr
ee

T
C
s,
tw

o
C
F
s,
se
ve

n
U
L
s,
tw

o
K
L
s,
an

d
fo
ur

M
ix
).
T
he

va
lid

at
io
n
pe

ri
od

st
ar
ts

an
d
en

ds
at

00
00

U
T
C
.R

ad
ar

in
di
ca
te
s
ra
da

r-
on

ly
ra
in
fa
ll.

B
ol
d
fo
nt

re
pr
es
en

ts
th
e
be

st
m
et
ri
c
fo
r
th
e
ev
en

t
be

tw
ee
n
O
K
,r
ad

ar
,a

nd
K
E
D
.

R
ef
er

to
se
ct
io
ns

3b
an

d
3c

fo
r
de

ta
ils

on
m
et
ho

ds
of

ra
in
fa
ll
es
ti
m
at
es

an
d
va
lid

at
io
n
in
di
ce
s.

E
ve

nt
ID

St
or
m

ty
pe

s
V
al
id
at
io
n
pe

ri
od

N
o.

of
ra
in

ga
ug

es

M
ea

n
B
IA

S
(m

m
)

M
ea

n
R
M
SE

(m
m
)

R
2

M
ax

R
R

O
K

R
ad

ar
K
E
D

O
K

R
ad

ar
K
E
D

O
K

R
ad

ar
K
E
D

O
K

R
ad

ar
K
E
D

T
C
-0
1

T
C

22
Ju

l
20

16
–
26

Ju
l
20

16
59

2
0.
35

2
0.
48

2
0.
27

0.
73

0.
75

0.
71

0.
58

0.
58

0.
67

0.
92

0.
79

1.
08

C
F
-0
1

C
F

9
F
eb

20
17
–
13

F
eb

20
17

60
2
0.
21

0.
17

2
0.
22

0.
52

0.
53

0.
46

0.
71

0.
76

0.
76

0.
31

0.
51

0.
41

M
ix
-0
1

M
ix

27
F
eb

20
17
–
2
M
ar

20
17

50
2
0.
39

0.
27

2
0.
29

0.
75

0.
83

0.
68

0.
48

0.
52

0.
52

0.
29

0.
88

0.
45

M
ix
-0
2

M
ix

22
O
ct

20
17
–
25

O
ct

20
17

66
2
0.
11

0.
37

2
0.
12

0.
41

0.
65

0.
38

0.
71

0.
64

0.
72

0.
64

0.
90

0.
75

U
L
-0
1

U
L

10
N
ov

20
17
–
13

N
ov

20
17

64
2
0.
24

2
0.
30

2
0.
16

0.
52

0.
50

0.
47

0.
46

0.
55

0.
52

0.
50

0.
88

0.
69

M
ix
-0
3

M
ix

16
F
eb

20
18
–
20

F
eb

20
18

56
2
0.
23

0.
06

2
0.
10

0.
48

0.
58

0.
42

0.
66

0.
67

0.
71

0.
49

1.
16

0.
96

U
L
-0
2

U
L

23
F
eb

20
18
–
27

F
eb

20
18

62
2
0.
23

2
0.
19

2
0.
13

0.
39

0.
34

0.
32

0.
42

0.
47

0.
49

0.
45

0.
80

0.
98

U
L
-0
3

U
L

30
M
ar

20
18
–
2
A
pr

20
18

63
0.
00

0.
26

2
0.
05

0.
17

0.
30

0.
10

0.
72

0.
74

0.
74

0.
18

1.
09

0.
24

U
L
-0
4

U
L

11
A
pr

20
18
–
16

A
pr

20
18

64
2
0.
21

2
0.
13

2
0.
17

0.
41

0.
46

0.
38

0.
42

0.
14

0.
48

0.
82

1.
71

1.
03

T
C
-0
2

T
C

24
A
ug

20
18
–
29

A
ug

20
18

63
2
0.
39

2
0.
35

2
0.
23

0.
66

0.
62

0.
59

0.
41

0.
49

0.
49

0.
30

0.
95

0.
84

T
C
-0
3

T
C

11
Se

p
20

18
–
15

Se
p
20

18
62

2
0.
30

2
0.
14

2
0.
23

0.
67

0.
73

0.
63

0.
66

0.
64

0.
66

0.
65

1.
07

0.
88

U
L
-0
5

U
L

10
O
ct

20
18
–
13

O
ct

20
18

63
2
0.
29

2
0.
12

2
0.
17

0.
46

0.
44

0.
39

0.
28

0.
41

0.
40

0.
45

1.
33

0.
81

K
L
-0
1

K
L

28
O
ct

20
18
–
1
N
ov

20
18

63
2
0.
20

0.
15

2
0.
18

0.
54

0.
76

0.
51

0.
67

0.
66

0.
69

0.
95

1.
30

0.
87

C
F
-0
2

C
F

8
N
ov

20
18
–
12

N
ov

20
18

60
2
0.
24

2
0.
19

2
0.
11

0.
47

0.
42

0.
39

0.
34

0.
52

0.
49

0.
69

1.
26

1.
06

U
L
-0
6

U
L

12
F
eb

20
19
–
16

F
eb

20
19

66
2
0.
31

2
0.
23

2
0.
22

0.
63

0.
63

0.
58

0.
44

0.
45

0.
50

0.
57

0.
94

0.
73

K
L
-0
2

K
L

23
Ju

n
20

19
–
27

Ju
n
20

19
64

2
0.
23

0.
48

2
0.
19

0.
58

1.
11

0.
55

0.
63

0.
55

0.
64

0.
60

2.
13

0.
88

M
ix
-0
4

M
ix

12
Se

p
20

19
–
16

Se
p
20

19
42

2
0.
30

0.
58

2
0.
18

0.
49

0.
80

0.
38

0.
16

0.
41

0.
36

0.
43

2.
52

0.
53

U
L
-0
7

U
L

9
O
ct

20
19
–
13

O
ct

20
19

40
2
0.
20

0.
42

2
0.
16

0.
40

0.
62

0.
35

0.
59

0.
62

0.
61

0.
65

1.
49

0.
81

J OURNAL OF HYDROMETEOROLOGY VOLUME 242242

Authenticated cgarrison@ametsoc.org | Downloaded 12/06/23 10:32 PM UTC



the evaluation of the QPE methods’ accuracy during different
structures. We identified the rainfall structure at every radar
grid on every radar scan using open-source software LROSE
(Dixon and Javornik 2016; Dixon and Romatschke 2022). The
convective and stratiform partitioning algorithm was based on
Steiner et al. (1995) (Dixon and Romatschke 2022). The algo-
rithm first excludes grids with reflectivity lower than 10 dBZ and
keeps the rest as valid convective grids, because convective rain-
fall usually corresponds to stronger radar reflectivity. Next, con-
vective grids are defined as having a vertical column (between
0 and 10 km) maximum of radar reflectivity larger than 40 dBZ.
In addition, convective grids are identified by their “texture,”
which is calculated by the square root of the standard deviation
of the squared reflectivity within 7 km of each valid grid
based on the radar resolution (Dixon and Romatschke 2022).
A convective grid is identified when more than one-third of the
surrounding grids have a texture value larger than 15 dBZ
within a 7-km radius. The texture value is then translated into a
value between 0 and 1 (see Dixon and Romatschke 2022, their
Fig. 3). A convective grid has a value of 1, while stratiform has
a value of 0 in the LROSE product for every radar scan. The
convectiveness, which stands for the hourly proportion of
convective precipitation at each radar grid (0%–100%), is
averaged hourly by grid spacing of the radar rainfall grid.
To simplify the experiments, we identified binary rainfall

structures based on convectiveness. At each hour, we consid-
ered convectiveness, 50% as stratiform rainfall, whereas con-
vectiveness$ 50% was considered convective rainfall.

b. Merging methods

We used OK to interpolate “gauge-only” rainfall to compare
possible benefits from incorporating radar rainfall when applying
KED. For both OK and KED, we included all available gauges
for each event. Before all the kriging processes, we added a small
value, 0.001, and applied a log transformation to gauge and radar
rainfall to give a more Gaussian-like distribution and prevent the
issue caused by zero values. The interpolated log rainfall was
then transformed back to rainfall estimates and subtracted by the
added value of 0.001. OK is a popular interpolation method and
has the lowest error in the applications of daily to yearly rainfall
in Hawai‘i (Frazier et al. 2016; Mair and Fares 2011). OK inter-
polates data with a weighted average, where the weights are a
function of the distance between the rain gauge measurements
and estimated point (e.g., variogram or semivariogram;
Goovaerts 2000, 1997; Kitanidis 1997). In this study, OK inter-
polated gauge rainfall into the configuration of 0.0058 3 0.0058,
the same as the radar rainfall grid, with the following:

RFOK(x0) 5 ∑
n

i51
lOK
i RFG(xi) ,

where RF in this study refers to hourly rainfall, with the
method in its subscript in this study; here, RFOK(x0) is the
OK-estimated rainfall at the unknown location x0; RFG(xi)
are the known rainfall values at locations x1, x2, … , xn; and
lOK
i are OK weights, which minimize the variance under unbi-

ased conditions (the sum of weights is one). The weights are
determined by the variogram model using a covariance func-
tion C at the distance between each rain gauge point.

∑
n

j51
lOK
i C(xi, xj) 1 m 5 C(xi, x0)

∑
n

j51
lOK
i 5 1

,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
(1)

where m is the value of the constant mean. The assumption of
m 5 0 is commonly made in OK when the underlying trend or
drift is not considered significant. If m is assumed to have a
nonzero value, it would introduce a spatially varying trend
and lead to incorrect rainfall in areas where the drift is not ad-
equately modeled. Given the spatial complexity and diverse
storm types and rainfall structure in our study, we opted for a
more conservative approach by assuming m to be zero.

On the other hand, KED is an efficient algorithm that al-
lows the incorporation of secondary variables as additional in-
formation, which are assumed to be linearly related to the
expected value of the primary variable. In this study, KED al-
lows us to derive rainfall estimates with rain gauges and observe
spatial features of the radar rainfall. KED with gauge and radar
rainfall has been successfully applied in many locations, including
Germany, the Netherlands, and the United Kingdom (Gouden-
hoofdt and Delobbe 2009; Haberlandt 2007; Cecinati et al. 2017;

FIG. 1. Locations of the 73 rain gauges on O‘ahu. The colors de-
note the differences in RMSEs of 18 events between (a) radar and
KED rainfall estimates and (b) OK and KED. Purple indicates
KED performed better than the other option. The deeper the
color, the better the rainfall estimate. Refer to sections 3c and 3d
for details on methods of rainfall estimates and validation indices.
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Nanding et al. 2015; Jewell and Gaussiat 2015; Courty et al. 2018;
Rabiei and Haberlandt 2015; Schuurmans et al. 2007). KED fol-
lows OK but considers the mean of the study field nonstationary
in space. KED models a drift term (mean) plus a residual term,
where the drift term is an unknown linear function defined by the
radar field, as follows:

mG(x) 5 a 1 b 3 RFR(x), (2)

where mG(x) is the drift term (mean), and RFR(x) is the
hourly radar rainfall at location x, while a and b are linear co-
efficients to be determined. KED has a similar expression to
OK but with different weights:

RFKED(x0) 5 ∑
n

i51
lKED
i RFG(xi), with

∑
n

j51
lKED
i CR(xi, xj) 1 m0 1 m1RFR(xi) 5 CR(xi, x0)

∑
n

j51
lKED
i 5 1

∑
n

j51
lKED
i RFG(xi) 5 RFG(x0)

,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
(3)

where RFKED is the rainfall estimate from KED with the
weights lKEDi ; RFG(x) and RFR(x) are gauge and radar rainfall
at location x, respectively; CR is the covariance of the residuals
RFG(x) 2 mG(x); and m0 and m1 are Lagrangian multipliers.
Both OK and KED apply an isotropic spherical model on the
gauge rainfall for the variogram, with parameters automatically
calculated using the L1-normminimization scheme (Murphy et al.
2021) for finding the best fit solution by minimizing the sum of
the absolute differences between observed and predicted values.

c. Validation and evaluation

We evaluated all gridded products against the rain gauge meas-
urements in the same grid at hourly intervals. Radar rainfall was
validated at all rain gauge locations for each event. Both OK and
KED rainfall were validated with leave-one-out cross validation
(LOOCV), where one rain gauge was left out during the kriging
process. This was repeated for each rain gauge and validated with
the remaining rain gauges in each of the 18 events.

Six indices were used to quantitatively evaluate radar, OK,
and KED rainfall estimates: bias (BIAS); root-mean-square
error (RMSE); coefficient of determination (R2); maximum rain-
fall ratio (MaxRR); and area under the curve (AUC), where the
curve is the receiver operating characteristics (ROCs).

1) BIAS

BIAS shows the amount of rainfall under- or overestimated
from the first time step t5 1 to the last time step t5 T:

BIAS(xi) 5
1
T
∑
T

t51
[RFEST,t(xi) 2 RFG,t(xi)], (4)

where RFEST,t(xi) is the rainfall estimate of radar, OK, or
KED, and RFG,t is the original gauge rainfall at time step t at
rain gauge location xi. The best estimation has BIAS 5 0. To
compare the results between events, we normalized BIAS
(nBIAS) into nBIAS by dividing BIAS by the range of the
event rainfall values, which represents the difference between
the maximum and minimum rainfall values for each event.

2) RMSE AND NORMALIZED RMSE (NRMSE)

The RMSE is a measurement of accuracy and indicates the
errors between the estimated value and the gauged value:

RMSE(xi) 5

���������������������������������������
∑
T

t51
[RFEST;t(xi) 2 RFG;t(xi)]

2

T

√√√√√√
: (5)

The best estimation has RMSE 5 0. To compare the results
between events, we calculated the nRMSE by dividing the
RMSE by the range of the event rainfall values, which repre-
sents the difference between the maximum and minimum
rainfall values for each event.

3) R2

The R2 equals the square of the Pearson correlation coeffi-
cient, which measures the precision of the relationship be-
tween the estimated and gauge rainfall:

r(xi) 5
∑
T

t51
[RFEST;t(xi)2RFEST(xi)][RFG;t(xi)2RFG(xi)]�����������������������������������������������������������������������

∑
T

t51
[RFEST;t(xi)2RFEST(xi)]2∑

T

t51
[RFG;t(xi)2RFG(xi)]2

√ ,

(6)

where RFEST(xi) and RFG(xi) are the means of estimated and
gauge rainfall at location xi, respectively. The best estimation
has R2 5 1.

4) MAXRR

In addition to the three indices above that show the overall
bias and precision in rainfall estimates over the period of an
event, we applied MaxRR [see Eq. (7)] to measure how the max-
imum hourly rainfall of each merging method in an event com-
pares to that of the gauge rainfall. The maximum rainfall ratio is
defined as the ratio of maximum hourly estimated rainfall from
each gauge location to the maximum hourly gauge rainfall across
all left-out rain gauges in the LOOCV iterations:

MaxRR 5
max({max[RFEST,1(x1), …, RFEST,T(x1)]}, …, {max[RFEST,1(xn), …, RFEST,T(xn)]})

max({max[RFG,1(x1), …, RFG,T(x1)]}, …, {max[RFG,1(xn), …, RFG,T(xn)]})
, (7)
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where n is the total number of rain gauges during the valida-
tion period. The best estimation has MaxRR 5 1. Note that
the maximum gauge rainfall from each event ranged between
47 and 103 mm, which exceeded the definition of extreme
rainfall ($20 mm h21) for tropical rainfall in Tokay and Short
(1996) and heavy rainfall ($7.6 mm) in general according to
the American Meteorological Society (2023).

5) ROC CURVE AND AUC

The ROC curve is a curve of the true positive rate (TPR)
and false positive rate (FPR):

TPR 5
TP

TP 1 FN
; FPR 5

FP
FP 1 TN

, (8)

where TP is the true positive (the number of positive cases
predicted that match actual positive cases), FN is the false
negative (i.e., type II error; the number of negative cases pre-
dicted that were actually negative), FP is the false positive
(i.e., type I error; the number of positive cases predicted that
were actually negative), and TN is the true negative (the num-
ber of negative cases predicted that match actual negative
cases). Here, we used the ROC curve to evaluate each rainfall
estimate at all rain gauge locations with 15 threshold percen-
tiles, including 0th, 10th, 20th, 30th, 40th, 50th, 60th, 70th,
80th, 90th, 95th, 97.5th, 98th, 99th, 99.5th, and 99.9th percen-
tiles. The count of TP, FN, FP, and TN is based on the esti-
mated rainfall that is greater than or equal to the threshold.
We plot the ROCs starting from the 80th to 99.9th percentile
(Fig. 2), with corresponding values 0.254, 1.524, 4.064, 7.620,
9.144, 14.478, 21.844, and 42.164 mm, respectively. The overall
performances of accuracy are summarized to the AUC, which
is an aggregated evaluation of accuracy across all the thresh-
olds and ranges from zero to one. When the AUC scores 1.0,
this indicates the best overall accuracy in rainfall estimate.
When the AUC is 0.5, this means that the rainfall estimates
are no different from guesses, and when the AUC scores 0.0,
this means the rainfall estimates are the opposite of the truth
(e.g., when the observed rainfall is larger than or equal to the
threshold, the estimated rainfall will be smaller than the
threshold).

Among all the indices, BIAS allows us to determine whether
the rainfall estimates are under- or overestimated overall, but
the value can be offset by different time steps. The RMSE is the
most recommended and used index to compare model perform-
ances (Willmott 1982) and represents the differences between
estimated and actual values. The evaluation of different QPEs
will be mainly based on the RMSE. The R2 value provides an in-
tuitive view of how well the estimations fit the observations.
Although previous studies (e.g., Willmott 1982; Taylor 1990) in-
dicated that the Pearson correlation coefficient could be mis-
leading when used to compare model-estimated and observed
variables, R2 is commonly used in the statistical evaluation of
model performances because it shows how much of the variance
in the dependent variable that is explained by the independent
variables in the model. Therefore, we still include R2 to under-
stand whether the estimated and observed time series covary
over time. The MaxRR was developed because maximum

rainfall critically drives stormflow responses in flood-related re-
search, which is one of the reasons to deliver hourly gridded
rainfall on O‘ahu. It evaluates the estimated maxima against the
observed maximum rainfall at rain gauges; however, this evalua-
tion can be imperfect when the locations of maxima between
the estimated and observed rainfall differ. For example, if a
storm event had multiple peak rainfall within an event, the low
density of gauges could not capture the peak at the maximum
locations to be evaluated against radar or interpolated estimates
(i.e., KED). The ROC curve and AUC are widely used to effec-
tively evaluate the overall prediction accuracy of a classification
model (e.g., Ma and Huang 2007; Fawcett 2006). The ROC
curve represented the proportion of correct estimations to vari-
ous thresholds, while the AUC represented a summary of how
the model performs at all thresholds. In addition, we applied
Tukey’s test (Tukey 1949) to determine the statistical signifi-
cance (p # 0.05) of the indices of RMSE, R2, and MaxRR. In-
stead of taking a mean over all rain gauge locations for each
index, we keep the indices at each rain gauge location for each
event duration.

4. Results

a. Evaluation by event

The validation results for the hourly rainfall from each
event are shown in Table 1 and Fig. 3. The event-mean BIAS
of OK, radar, and KED ranges from 20.39 to 0, from 20.48
to 0.58, and from 20.29 to 20.05 mm, respectively. Although
the event-mean BIAS showed that OK and KED always
underestimated hourly rainfall, KED had a smaller bias than
OK for most events (n 5 15). While radar had the event-mean
BIAS (0.01 mm) closest to zero, the large range of its mean
BIAS (from 20.48 to 0.58 mm) indicates the uncertainty and

FIG. 2. ROCs at different rainfall thresholds of hourly rainfall
(annotations 1–8 are 0.254, 1.524, 4.064, 7.620, 9.144, 14.478, 21.844,
and 42.164 mm, respectively) with AUC values between different
methods of rainfall estimates. OK is denoted in blue, radar in
green, and KED in orange. In the ROC curve, the closer the point
is to the top left (i.e., TPR5 1 and FPR5 0), the better. Note that
the x and y axes are on different scales.
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inconsistency of the rainfall estimates in different events. The
mean RMSE of OK, radar, and KED ranges from 0.17 to 0.75,
from 0.3 to 1.11, and from 0.1 to 0.71 mm, respectively. Based
on the mean RMSE, KED outperformed OK and radar rain-
fall estimates for all events, while OK had better results than
radar during 13 events. Figure 3b shows that KED especially
reduced errors in two events. One is an upper-level trough
(event ID: UL-03), and the other is a mix of an upper-level
trough and a kona low (event ID: Mix-04). The event-mean R2

of OK, radar, and KED ranges between 0.16 and 0.72, be-
tween 0.14 and 0.76, and between 0.36 and 0.76, respectively.
The hourly rainfall estimates of OK, radar, and KED had the
best mean R2 at 1, 9, and 13 events, respectively. In addition,
KED had the highest values in both low and high ranges of

R2, which indicates the consistency in estimates of hourly rain-
fall. The event MaxRR of OK, radar, and KED ranges from
0.18 to 0.95, from 0.24 to 2.52, and from 0.51 to 1.08, respec-
tively, which indicates KED is the most consistent method at
accurately estimating high rainfall values.

b. Evaluation by storm type

The validation matrix of different storm types is shown in
Table 2. Whereas KED rainfall estimates were not always the
best in every storm event, they were the best in every storm
type based on mean RMSE with the support of R2 and AUC
(Table 2). The accuracy of each rainfall estimate varied with
storm type, but gauge-included interpolation methods (i.e.,
OK and KED) had similar orders of value for each validation

FIG. 3. Results from the cross validation of 18 selected severe storm events between 2016 and 2020 for evaluation
(two CFs, seven ULs, two KLs, three TCs, and four Mix). Events are identified by two letters, which indicate the
storm type and event ID (see Table 1), shown next to the perimeter. (a) nBIAS, (b) nRMSE, (c) R2, and (d) MaxRR.
Validation indices of each method for each event are shown (i.e., blue for OK, green for radar, orange for KED).
Bold black dashed lines or the single point [for nRMSE in (b)] indicate the best possible value for that validation in-
dex. For the validation indices of each method, the closer to the black dashed lines or the single points, the better the
method performed.
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index. This means that the differences in index values likely
were driven by the dataset(s) used, not by the kriging method.
According to BIAS, most storm events were underestimated,
except for radar rainfall in the kona low and mixed upper-
level trough and kona low. Based on the nRMSE with R, OK
was most accurate with rainfall estimates for kona lows and
cold fronts, radar estimates were the most accurate for cold
fronts and TCs, and KED had the best rainfall estimates for
cold fronts and kona lows. In terms of AUC, both OK and
KED had the most accurate results for cold fronts, and radar
showed the best performance in the mix of upper-level
troughs and kona lows. The gauge-included interpolation
methods had more consistent accuracy across all validation in-
dices than radar rainfall. KED had the least accuracy in both
TCs and upper-level troughs; however, the validation indices
had larger variations in the seven upper-level trough events
compared to indices among three TC events (Fig. 3b). Al-
though KED outperformed OK and radar rainfall in all storm
types, the differences in the KED validation indices in each
event within the same storm type are inconsistent, except for
TC events (Fig. 3b).

c. Evaluation by rainfall structure

When the rainfall estimates were separated by convective-
ness based on radar reflectivity, KED showed improved per-
formance over OK and radar rainfall estimates in different
ways (Table 3). KED had overall better performances in both
convective and stratiform rainfall structures, particularly

under convective conditions. Under stratiform conditions, ra-
dar rainfall performed worst, whereas OK and KED had very
similar RMSEs. All methods showed better correlation with
convective than stratiform rainfall, indicating that rainfall esti-
mates corresponded more closely with gauge rainfall under
convective conditions. KED addressed the issue of lower rain-
fall estimates by OK and higher rainfall estimates by radar
rainfall under convective conditions (Figs. 4a,b). Under strati-
form conditions, KED improved the accuracy of both OK
and radar rainfall estimates (Figs. 4c,d). Note that only Fig. 4
has R2 based on the logarithmic hourly rainfall, to be consis-
tent with the scale in the figure; the rest of the indices
throughout the paper, including all tables, were based on the
hourly rainfall.

d. Validation summary

Overall, KED outperformed OK and radar rainfall esti-
mates. Radar rainfall estimates exhibited the largest error,
and OK underestimated the heaviest rainfall. According to
the mean BIAS across all events, the hourly rainfall estimates
of OK and KED tended to be underestimated (20.25 and
20.18 mm), whereas the radar rainfall was overestimated
(0.01 mm). In terms of RMSE, KED had the best results
based on mean RMSE (0.47 mm) compared to OK (nonsig-
nificant; p 5 0.1762) and radar (significant; p 5 0.0188). KED
also had the best R2 over all events. All AUCs were larger
than 0.5, which means all interpolated methods are better
than random guessing. This also showed that the rainfall esti-
mates of KED (AUC 5 0.86) were overall more accurate
than the rainfall estimates of OK (AUC 5 0.82) and radar
(AUC 5 0.68) while raining. Regarding the ROC curve, the
OK rainfall had a parallel ROC curve below the KED rainfall
ROC curve, which indicated that OK rainfall estimates were
farther away from the actual gauge rainfall at every threshold
than the KED rainfall estimates (Fig. 2). Radar rainfall esti-
mates had a larger FPR compared to OK and KED rainfall
estimates, particularly at the thresholds below 14.478 mm,
whereas radar rainfall had a larger TPR when the thresholds
were equal or above 14.478 mm (Fig. 2). These indicate that ra-
dar rainfall estimates are more accurate when the rain is
heavier. The radar-only method gave the closest estimated val-
ues of maximum rainfall during events, but it often overesti-
mated, with a MaxRR of 1.21. KED also had a close estimation
of the maximum, but it often underestimated, with a MaxRR of

TABLE 3. The mean validation matrices (i.e., BIAS, RMSE,
and R2) for different rainfall structures over all hourly rainfall at
all locations. Radar indicates radar-only rainfall. Bold font
denotes the best performance between OK, radar, and KED for
each storm type and each validation matrix.

BIAS (mm) RMSE (mm) R2

Convective
OK 21.19 2.25 0.45
Radar 0.62 3.49 0.49
KED 20.7 2.00 0.55

Stratiform
OK 20.23 0.42 0.34
Radar 20.47 0.95 0.19
KED 20.18 0.40 0.35

TABLE 2. The mean validation matrices (i.e., BIAS, RMSE, R2, and AUC) for different storm types (n is the count of each storm
type). Radar indicates radar-only rainfall. Bold font denotes the best performance between OK, radar, and KED for each storm type
and validation matrix.

Storm type (n)

Mean BIAS (mm) Mean RMSE (mm) (mean nRMSE; %) R2 AUC

OK Radar KED OK Radar KED OK Radar KED OK Radar KED

All types (18) 20.25 0.01 20.18 0.52 (3.75) 0.62 (4.44) 0.47 (3.17) 0.52 0.49 0.59 0.82 0.68 0.86
TC (3) 20.34 20.31 20.23 0.67 (3.65) 0.69 (3.64) 0.63 (3.32) 0.56 0.50 0.58 0.80 0.46 0.83
CF (2) 20.24 20.02 20.18 0.51 (3.38) 0.49 (2.88) 0.44 (2.58) 0.59 0.53 0.67 0.88 0.65 0.88
UL (7) 20.23 20.09 20.17 0.44 (4.05) 0.48 (4.57) 0.39 (3.32) 0.45 0.49 0.55 0.80 0.78 0.83
KL (2) 20.21 0.33 20.18 0.57 (3.18) 0.94 (5.05) 0.54 (2.99) 0.64 0.48 0.64 0.85 0.48 0.87
Mix (4) 20.24 0.30 20.17 0.52 (3.56) 0.69 (5.00) 0.46 (3.02) 0.49 0.52 0.58 0.86 0.86 0.86
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0.78. OK had a MaxRR of 0.55, which indicated OK only cap-
tured half of the heaviest rainfall in an event. KED significantly
(p 5 0.0013) outperformed OK in estimating maximum hourly
rainfall.

In addition, KED showed improvement in the spatial rep-
resentation of rainfall on O‘ahu (Fig. 1). Compared to radar
rainfall, KED reduced the error along the Ko‘olau mountain
range, particularly south of the ridge. Compared to OK, KED
decreased the error along the Ko‘olau mountain range on the
east side of O‘ahu, particularly north of the ridge, where rain
gauges are sparse (Fig. 1). This indicates that KED improved
the rainfall estimates by providing gauge rainfall (south of
Ko‘olau mountain range) and filling the ungauged areas
(north of Ko‘olau mountain range) with radar rainfall. When
we plotted an example of the validation results (Fig. 5), it
showed that OK could have inaccurate rainfall estimates
(;11 mm underestimated) at the omitted rain gauge site (ar-
rows in Figs. 5a,c). OK rainfall also has smoother contours,
while radar and KED rainfall inherited more spatial details.
Although the uncertainty maps (Fig. A3) showed no pro-
nounced or consistent improvement in uncertainties, the un-
certainties decreased in the less-gauged areas by adding radar
rainfall [Fig. A3(i)]. KED also adjusted the radar rainfall FPR
(Fig. 2) that radar tended to detect rainfall in areas where
there is no actual rainfall. For example, radar’s heavy rainfall
areas extended to one of the rain gauges in the Ko‘olau

mountain range, which has very low rainfall (red circle in
Fig. 5e). This feature was not captured in KED rainfall esti-
mates (red circle in Fig. 5f). Because radar rainfall is not a direct
measurement, the rainfall pattern could be shifted. Figure 5h
shows spatially inconsistent maximum rainfall to the north of
the Wai‘anae mountain range between radar and gauge rainfall,
and KED (red boxes in Figs. 5h,i) adjusted it. In addition, the
radar rainfall in the red box of Fig. 5h would be less accurate,
because it is partially based on PHKI radar, which is farther
than PHMO (see Fig. A2).

5. Discussion

a. Advantages of incorporating radar data into
rainfall estimates

The KED-merged rainfall estimates include the features of
gauges (OK) and radar. Although both the KED and OK
products underestimated rainfall, overall results indicate that
KED provides the least error in hourly rainfall estimates and
reasonable maximum rainfall values on O‘ahu with minimal ex-
cessive under- or overestimation (Table 2). While OK underesti-
mated rainfall in this study, radar generally either over- or
underestimated rainfall (Table 1). The underestimation of OK
may result from the gauge distribution–dependent smoothing ef-
fect of geostatistical interpolations in which large values are usu-
ally underestimated and small values are usually overestimated

FIG. 4. Scatterplots (x axis: gauge value; y axis: gridded rainfall estimates; both axes in natural log scale) of the re-
sults from the leave-one-out cross validation to show R2 of the (a),(b) convective and (c),(d) stratiform rainfall (RF).
Orange, KED; blue, OK; green, radar-only (radar) rainfall estimates; and black lines, 1:1 relationship.
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(Yamamoto 2005; Nikolopoulos et al. 2015). Comparing OK to
radar rainfall estimates, OK usually has lower RMSEs; however,
the overall underestimation of OK is a major disadvantage
when applying the rainfall estimates to flooding studies, which
focus on flooding generated by heavy rainfall. In addition, the
R2 of OK is lower than that of radar for some events (Table 1).
This shows that OK lacks the capability to capture the dynamics
(i.e., rainfall spatial variation in time) of hourly rainfall in unga-
uged areas (Figs. 5a,b). Radar rainfall estimates usually have
larger errors, but they provide spatial estimates in ungauged
areas without interpolation smoothing effects and capture dy-
namic changes well (Table 1). Because the KED-merged rainfall
product includes the spatial patterns corrected by the gauge rain-
fall, the KED product inherits the underestimation from OK. It
retains lower errors, better extreme values, and the capacity to
capture the rainfall dynamics in ungauged areas from the radar.
Furthermore, the KED estimates showed improvements in con-
vective rainfall, which is characterized as heavy rainfall with
short duration that often triggers flooding. The validation indices

of stratiform rainfall indicate that there are few differences in
the hourly rainfall estimates between KED and OK. Thus, when
studying time periods with likely stratiform types of rainfall, OK
(using gauge data only) could be used to interpolate hourly rain-
fall estimates to save computational time and resources.

b. Hidden bias in radar data

The bias of radar rainfall estimates is likely related to the
storm type (Table 2) or rainfall structure (convection vs strati-
form rainfall; Fig. 4) because radar tends to detect convective
rainfall better than stratiform rainfall (e.g., Fabry et al. 1992).
The radar is restricted by low-level rain that is at or below the
level of the terrain, or behind the terrain, so radar rainfall esti-
mates may miss the rainfall from the seeder–feeder effect
(i.e., orographic precipitation-enhancement mechanism) that
may change the rain-rate conversion process [i.e., reflectivity–
rain rate (Z–R) relationship]. Therefore, the employed Z–R
relationship could be one of the inherited errors of radar rain-
fall due to the inconsistent Z–R relationship among different

FIG. 5. One example of the leave-one-out hourly rainfall validation, showing each rain gauge (diamond) and different rainfall estimates
(shaded; both rain gauge and gridded rainfall estimates use the same color ramp), including (a),(d),(g) OK, (b),(c),(h) radar, and (c),(f),(i) KED,
in a 2-h interval for (top) 0100, (middle) 0300, and (bottom) 0500 UTC. In this example, the rain gauge, USGS_uv213215157552800 (red arrows),
was left out for OK and KED rainfall estimation for three different hourly periods on 28 Aug 2018, within the TC event TC-02 (see Table 1).
The chosen snapshots here were subjected to high hourly rainfall. Red arrows, circles, and boxes mark the areas discussed in the text. The addi-
tional figure of uncertainty maps is in Fig. A3.
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storm types. Additionally, radar can only detect a fraction of
the rainfall column beyond a certain range. For example, at a
60-km range, NEXRAD radar can still observe precipitation
at altitudes approximately 750 m above the radar (Fig. 3 in
Feng et al. 2009). Because PHMO is located about 400 m
above sea level, radar rainfall can miss the precipitation below
1250 m, where cloud depths in Hawai‘i range from 500 to
2500 m (refer to Figs. 5 and 6 in Rogers et al. 1993) or may
even be higher in some of our selected events from deep
convections.

c. Improvement in convective rainfall estimates

The overall accuracy of the KED hourly rainfall estimates
among different storm types (Table 2) indicates that KED
can be used to merge radar with gauge data to generate reli-
able rainfall estimates in various weather systems. However,
both OK and KED show distinct differences within each
storm type, because there is large variability between events
in the same storm type (Fig. 3). On the other hand, large er-
rors, mostly overestimation, in radar rainfall estimates for
kona low–related events may be due to the seeder–feeder
effect or different raindrop distributions (Blanchard 1953),
which may have misled the hydrometeor classification algo-
rithm. More research is needed to understand why radar rain-
fall underperformed in kona low storms. As a result of both
under- and overestimated radar rainfall, the averaged BIAS
of overall radar rainfall estimates is low, particularly in front
and upper-level trough events. In summary, although there is
little consistency between OK and KED validation indices in
different storm types and rainfall structures, KED can im-
prove the convective radar rainfall estimates (Fig. 4). Our re-
sults suggest that the next step to improve rainfall estimates is
to refine radar rainfall estimates in kona low–related events.

d. Advancement and applications of KED

The incorporation of radar rainfall has been shown to im-
prove the accuracy of hourly rainfall interpolation in this
study. Historically, kriging was applied to daily to yearly rain-
fall datasets in Hawai‘i without incorporating radar informa-
tion (i.e., OK; Frazier et al. 2016; Mair and Fares 2011).
However, kriging alone may be less suitable for interpolating
hourly rainfall due to its tendency to be more intermittent,
skewed, and anisotropic (Cernesson et al. 1996; Shah et al.
1996). This study demonstrated the feasibility of using KED
with both gauge and radar rainfall in Hawai‘i. The results of
this study show that this approach effectively improved the
accuracy of hourly rainfall interpolation, even in the complex
and variable weather patterns found in the region. Previous
research found that radar rainfall provided little improvement
for the annual rainfall interpolation in Hawai‘i (Giambelluca
et al. 2013). In this study, the radar data were used to address
the distribution and structure complexities at the hourly scale.
Also, the use of LROSE, which includes clutter detection and
mitigation, quality metrics and error assessment, and attenua-
tion correction in precipitation (Hubbert et al. 2009; Gu et al.
2011; Bell et al. 2013), potentially reduced the uncertainty in
hourly radar data. Overall, this study highlights the importance

of incorporating radar information in the interpolation of
hourly rainfall in Hawai‘i and the effectiveness of KED in this
context, despite the theoretical challenges of interpolating
hourly data.

Comparing KED applications to hourly rainfall globally, our
KED rainfall estimates for O‘ahu work very well. The RMSE
of KED on O‘ahu, ranges from 0.1 to 0.71 mm h21 based on
the LOOCV results over 18 rainfall events. In similar studies,
the KED RMSE ranged from 0.3 to 3.5 mm h21 in the United
Kingdom (Jewell and Gaussiat 2015; Nanding et al. 2015;
Courty et al. 2018) and from 0.5 to 2 mm h21 in Germany
(Haberlandt 2007; Rabiei and Haberlandt 2015). Interestingly,
in other regions, the radar rainfall was often underestimated,
and KED rainfall was often overestimated, including in the
United Kingdom (Jewell and Gaussiat 2015; Nanding et al.
2015; Courty et al. 2018), Germany (Haberlandt 2007; Rabiei
and Haberlandt 2015), and the contiguous United States (Yu
2009; Skinner et al. 2009). Our results for O‘ahu found the
opposite; the hourly rainfall was usually overestimated by
the radars and always underestimated by KED. Also, in this
study, there was no strong relationship between radar rainfall
performance and radar ranges in the preliminary investigation
(Fig. A4b). Additional work is needed to understand why the
results for O‘ahu are the opposite of under- and overestima-
tion, respectively, of radar and KED rainfall estimates.

e. Limitations and future directions

We showed that KED can be used on O‘ahu to estimate
rainfall. While this KED application shows encouraging re-
sults, this pilot application is not a guarantee of success for
other islands because 1) this KED application on O‘ahu is less
subject to possible beam blockage, while radar data on other
islands likely have larger gaps in coverage due to beam block-
age (e.g., Kaua‘i and Hawai‘i Island), or no radar data are
available at all (e.g., Sri Lanka, Madagascar, and some Pacific
islands; Saltikoff et al. 2019); 2) rain gauges on other islands
typically have a coarser density (e.g., Maui and Hawai‘i Is-
land) that could limit the application of KED, testing other
geostatistical methods and adding additional information
(e.g., elevations or anisotropy angles; Verworn and Haber-
landt 2011) that could be helpful; 3) while not shown in our
study, the effective distances to the radar stations are likely
variable, and this distance likely affects the KED estimation
and the over- or underestimation of radar rainfall; 4) more ad-
vanced and dynamic radar rainfall conversion may be needed
for different interactions between the terrain and weather sys-
tems on each island; and 5) we only applied two-dimensional
KED in this study, and incorporating a third dimension (e.g.,
the time variable) could potentially improve the rainfall esti-
mation, because in theory it adjusts the spatial mean values
by the time dimension (Nowak and Litvinenko 2013). In addi-
tion to the constraints of geostatistical areas and methods due
to the data availability within the given period, there are only
18 storm events in this study. We could only provide pilot re-
sults and discussions on the differences of QPEs performed
during different storm types. A much stronger statistical con-
clusion could be made with a larger sample size.
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6. Conclusions

We successfully merged hourly gauge and radar rainfall on
O‘ahu, Hawai‘i, using KED. In addition, we confirmed that
the hourly rainfall estimates of KED outperformed gauge-
only or radar rainfall using 18 studied storm events and that
KED can be used to produce gridded hourly rainfall on
O‘ahu. The KED hourly rainfall estimates provided a better
rainfall dataset for flood study and simulations than OK and
radar rainfall estimates, because it remained reasonable and
consistent in estimating maximum rainfall values regardless of
storm type. The best spatial improvement from KED rainfall
estimates occurred along the Ko‘olau mountain range (Fig. 1).
Among five storm types, KED had the most accurate rainfall
estimate for cold fronts and kona lows. After studying convec-
tiveness in these events, we concluded that KED surpassed
OK and radar rainfall estimates under convective rainfall. The
KED rainfall product is better than the OK of rain gauge data
for studying floods, particularly flash floods caused by local
short-duration and intense rainfall events. Under stratiform
rainfall conditions, KED notably improved the underestima-
tion from radar rainfall but was only a slight improvement
over the estimates of OK rainfall. This study showed the appli-
cable KED-merging method for hourly rainfall on a mountain-
ous tropical island with a dense rain gauge network. Our next
steps are to apply the KED-merged radar–gauge rainfall
approach to other tropical islands, improve radar rainfall esti-
mates, and explore the use of the KED method or other merg-
ing methods that incorporate a third dimension (time) into
rainfall estimations.
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APPENDIX A

Additional Table and Figures

Figure A1 shows an example of the correlation between
pairs of gauges as a function of their distance during TC-02
(see Table 1). Figure A2 is the map of radar locations that
supply radar rainfall data on O‘ahu and the specific radar
used at 1.5-km height at the gauge location. Figure A3 presents
uncertainty maps of OK and KED and uncertainty differences
between KED and OK of Fig. 5. Figure A4 shows the mean
nRMSE of radar, OK, and KED rainfall. Table A1 lists the re-
sults from point-to-grid cross validation of 18 selected severe
storm events between 2016 and 2020 for validation.

FIG. A1. Example of the correlation between pairs of gauges as a
function of their distance during TC-02 (see Table 1).
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FIG. A2. The map of radar locations that supply radar rainfall data on O‘ahu and the specific
radar used at 1.5-km height at the gauge location.

FIG. A3. Uncertainty maps of (a),(d),(g) OK and (b),(e),(h) KED and (c),(f),(i) uncertainty differences between
KED and OK of Fig. 5. Black dots denote locations of rain gauges.
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FIG. A4. Mean nRMSE of (a) radar, (b) OK, and (c) KED rain-
fall. Purple indicates better performance at the gauge locations. To
learn more details about each method of rainfall estimates and
nRMSE, please refer to sections 3b and 3c.
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APPENDIX B

Glossary

a. Glossary of acronyms and abbreviations in
alphabetical order

AMS American Meteorological Society
AUC Area under the ROC curve
BDC Bayesian data combination
CoK Cokriging
KED Kriging with external drift
KRE Ordinary kriging with radar-based error correction
LOOCV Leave-one-out cross validation
LROSE Lidar Radar Open Software Environment
NCEI National Centers for Environmental

Information
NEXRAD Next Generation Weather Radar
MFE Mean field bias
MM5 Fifth-generation Pennsylvania State

University–NCARMesoscale Model
NCAR National Center for Atmospheric Research
NHD National Hydrography Dataset
NOAA National Oceanic and Atmospheric Administration
OK Ordinary kriging
PHKI The NEXRAD radar at Kaua‘i
PHMO The NEXRAD radar at Moloka‘i

PRISM Parameter-Elevation Regressions on Indepen-
dent Slopes Model

QPE Quantitative precipitation estimation
ROC Receiver operating characteristic
TC Tropical cyclone
USGS U.S. Geological Survey

b. Glossary of mathematical symbols in the order
of appearance

BIAS Bias
RMSE Root-mean-square error
R2 Coefficient of determination
MaxRR Maximum rainfall ratio
RFmethod Rainfall from the method. The method can be

gauge rainfall (G), OK, radar, KED, or, in
general, any rainfall estimate (EST)

C Covariance
lmethod Weights for kriging processes. The method can

be OK or KED.
TPR True positive rate
TP Count of true positive
FN Count of false negative
FPR False positive rate
FP Count of false positive
TN Count of true negative

TABLE A1. Rainfall characteristics for each event across all gauge locations, including mean hourly rainfall over all gauges and the
entire event period, standard deviation of hourly rainfall, maximum hourly rainfall, accumulated rainfall divided by the number of
gauges, mean convectiveness, standard deviation of convectiveness, dominant anisotropy angle (i.e., the median angle of the best-fit
hourly directional variogram; clockwise from the positive y axis) during an event, and the number of angles (i.e., the number of
different anisotropic angles shown during an event based on the best-fit hourly directional variogram with 108 increase; in total, there
are 18 different angles). Refer to Table 1 for more event information.

Event ID
Mean rainfall
(mm h21)

Rainfall
std dev

(mm h21)

Maximum
rainfall

(mm h21)

Gauge mean
accumulated

rainfall (mm h21)
Mean

convectiveness
Std dev of

convectiveness

Dominant
anisotropy
angle (8)

No. of
angles

TC-01 1.108 5.004 91.694 107.385 0.469 0.417 30 12
CF-01 0.848 3.291 59.182 81.818 0.408 0.393 60 7
Mix-01 0.956 3.353 62.2 81.001 0.463 0.412 50 10
Mix-02 0.718 2.225 35.56 52.371 0.401 0.386 80 6
UL-01 0.709 2.425 36.322 51.735 0.456 0.434 160 10
Mix-03 0.827 4.350 99.06 80.022 0.493 0.445 0 10
UL-02 0.497 2.507 47.244 47.949 0.223 0.376 20 13
UL-03 0.165 1.445 54.61 11.931 0.200 0.359 0 4
UL-04 0.541 2.952 87.376 65.232 0.336 0.416 150 11
TC-02 0.840 2.749 63.5 101.172 0.328 0.409 150 15
TC-03 1.149 4.010 60.706 111.252 0.260 0.387 150 12
UL-05 0.511 2.222 58.674 37.135 0.292 0.392 50 12
KL-01 0.933 3.837 67.564 90.384 0.287 0.376 10 8
CF-02 0.646 3.130 49.784 62.425 0.430 0.454 130 13
UL-06 0.875 2.468 39.624 84.263 0.485 0.414 10 16
KL-02 1.046 3.342 56.6 100.725 0.273 0.389 30 12
Mix-04 0.486 2.773 57.912 46.271 0.557 0.444 0 10
UL-07 0.509 3.251 60.452 48.971 0.306 0.407 50 5
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Jaime Gómez-Hernández, 2009: A non-parametric automatic
blending methodology to estimate rainfall fields from rain
gauge and radar data. Adv. Water Resour., 32, 986–1002,
https://doi.org/10.1016/j.advwatres.2008.10.004.

Verworn, A., and U. Haberlandt, 2011: Spatial interpolation of
hourly rainfall}Effect of additional information, variogram
inference and storm properties. Hydrol. Earth Syst. Sci., 15,
569–584, https://doi.org/10.5194/hess-15-569-2011.

Willmott, C. J., 1982: Some comments on the evaluation of model
performance. Bull. Amer. Meteor. Soc., 63, 1309–1313, https://
doi.org/10.1175/1520-0477(1982)063,1309:SCOTEO.2.0.CO;2.

Wilson, J. W., 1970: Integration of radar and raingage data for
improved rainfall measurement. J. Appl. Meteor., 9, 489–497,

https://doi.org/10.1175/1520-0450(1970)009,0489:IORARD.

2.0.CO;2.
}}, and E. A. Brandes, 1979: Radar measurement of rainfall}A

summary. Bull. Amer. Meteor. Soc., 60, 1048–1060, https://doi.
org/10.1175/1520-0477(1979)060,1048:RMORS.2.0.CO;2.

Yamamoto, J. K., 2005: Correcting the smoothing effect of ordi-
nary kriging estimates. Math. Geol., 37, 69–94, https://doi.org/
10.1007/s11004-005-8748-7.

Yang, Y., and Y.-L. Chen, 2008: Effects of terrain heights and
sizes on island-scale circulations and rainfall for the island of
Hawaii during HaRP. Mon. Wea. Rev., 136, 120–146, https://
doi.org/10.1175/2007MWR1984.1.

Yu, B., 2009: Improving the quality of NEXRAD products in terms
of resolution and accuracy. M.S. thesis, Dept. of Earth & Envi-
ronmental Science, The University of Texas at San Antonio,
103 pp., https://www.proquest.com/docview/305159046/abstract/
B9AFBBCE4FA240C7PQ/1.

Zhang, J., and Coauthors, 2016: Multi-Radar Multi-Sensor (MRMS)
quantitative precipitation estimation: Initial operating capabili-
ties. Bull. Amer. Meteor. Soc., 97, 621–638, https://doi.org/10.
1175/BAMS-D-14-00174.1.

Zhu, D., D. Z. Peng, and I. D. Cluckie, 2013: Statistical analysis
of error propagation from radar rainfall to hydrological mod-
els. Hydrol. Earth Syst. Sci., 17, 1445–1453, https://doi.org/10.
5194/hess-17-1445-2013.

H UANG E T AL . 2257DECEMBER 2023

Authenticated cgarrison@ametsoc.org | Downloaded 12/06/23 10:32 PM UTC

https://doi.org/10.5194/hess-5-187-2001
https://doi.org/10.5194/hess-5-187-2001
https://doi.org/10.1175/1520-0450(1996)035<0355:EFTRSO>2.0.CO;2
https://doi.org/10.1175/1520-0450(1996)035<0355:EFTRSO>2.0.CO;2
https://doi.org/10.2307/3001913
https://doi.org/10.2307/3001913
https://doi.org/10.1016/j.advwatres.2008.10.004
https://doi.org/10.5194/hess-15-569-2011
https://doi.org/10.1175/1520-0477(1982)063<1309:SCOTEO>2.0.CO;2
https://doi.org/10.1175/1520-0477(1982)063<1309:SCOTEO>2.0.CO;2
https://doi.org/10.1175/1520-0450(1970)009<0489:IORARD>2.0.CO;2
https://doi.org/10.1175/1520-0450(1970)009<0489:IORARD>2.0.CO;2
https://doi.org/10.1175/1520-0477(1979)060<1048:RMORS>2.0.CO;2
https://doi.org/10.1175/1520-0477(1979)060<1048:RMORS>2.0.CO;2
https://doi.org/10.1007/s11004-005-8748-7
https://doi.org/10.1007/s11004-005-8748-7
https://doi.org/10.1175/2007MWR1984.1
https://doi.org/10.1175/2007MWR1984.1
https://www.proquest.com/docview/305159046/abstract/B9AFBBCE4FA240C7PQ/1
https://www.proquest.com/docview/305159046/abstract/B9AFBBCE4FA240C7PQ/1
https://doi.org/10.1175/BAMS-D-14-00174.1
https://doi.org/10.1175/BAMS-D-14-00174.1
https://doi.org/10.5194/hess-17-1445-2013
https://doi.org/10.5194/hess-17-1445-2013

