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ABSTRACT

It is a major challenge to develop gridded precipitation and temperature estimates that adequately resolve

the extreme spatial gradients present in the Hawaiian Islands. The challenge is particularly pronounced

because the available station networks are irregularly spaced and sparse, creating large uncertainties in

gridded spatial meteorological estimates. Here a 100-member, daily ensemble of precipitation and temper-

ature estimates over theHawaiian Islands for the period 1990–2014 at 1-km grid resolution is developed. First,

an intermediary ensemble estimate of the monthly climatological precipitation and temperature is created,

and those climatological surfaces are used to inform daily anomaly interpolation. This climatologically aided

interpolation (CAI) method extends our initial ensemble system developed for the continental United States.

This study demonstrates that direct interpolation of daily precipitation values is inferior to the CAI meth-

odology, particularly over longer time periods (from years to decades). Daily interpolation performs better

for short time periods (e.g., 1 month or less) or when the precipitation distribution substantially diverges from

climatology. The CAI ensemble is able to reproduce observed precipitation and temperature patterns, in-

cluding precipitation occurrence. Leave-one-out cross-validation results illustrate that the ensemble has 1)

minimal bias for precipitation and temperature; 2) amean absolute error of 2.5mmday21, 1.0 K, and 2.2K for

precipitation and mean and diurnal temperature, respectively; 3) a mean absolute error of 3.3mmday21 for

the standard deviation of precipitation; and 4) nearly unbiased probability distributions across multiple

thresholds of precipitation intensity. Additionally, the ensemble provides estimates of uncertainty across the

distributions with increasing uncertainty for higher percentiles.

1. Introduction

Gridded datasets of precipitation and temperature are

an integral component of hydrometeorological research

(Legates and Willmott 1990a,b; Daly et al. 1994; Maurer

et al. 2002; Abatzoglou 2013; Xia et al. 2012; Livneh et al.

2013; Newman et al. 2015, hereafter N15; Thornton

et al. 2016). They are used in a wide variety of models
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in a large array of applications such as streamflow and

hydropower forecasting, species evolution, and infra-

structure resilience assessments (e.g., Day 1985; Franklin

1995; USBR 2012). Important requirements for datasets

in these applications are 1) the ability to reproduce the

spatial heterogeneity of precipitation and temperature

across complex terrain and other climatic gradients, 2) a

time resolution of daily or subdaily, and 3) proper rep-

resentation of precipitation occurrence (wet/dry spells).

An additional feature that is highly beneficial (but not

widely used in applications) is the characterization of

uncertainty.

While there are numerous datasets that reasonably

fulfill the requirements above, they generally exist only

for highly developed regions, such as the contiguous

United States or Europe. Many fewer datasets available

for areas such as Hawaii where there is a dearth of

publicly available gridded observation-based meteoro-

logical products. Moreover, the requirement to repre-

sent spatial heterogeneity generally precludes the use of

global or regional atmospheric reanalysis products (e.g.,

ERA-Interim; Dee et al. 2011); satellite precipitation

products (e.g., Huffman et al. 2007, 2015); or coarse,

gauge-based, or combined observation and reanalysis

products (Sheffield et al. 2006; Harris et al. 2014; Beck

et al. 2017). These datasets are either too coarse to

sufficiently resolve topographic gradients, or in the case

of some satellite products, have large uncertainties in

complex terrain (e.g., Derin et al. 2016).

Past gridded products of sufficient resolution for im-

pact modeling over Hawaii have primarily consisted of

long-term climatological fields (Giambelluca et al. 1986,

2013; Daly et al. 2006). Only recently has a deterministic

monthly precipitation dataset been developed (Frazier

et al. 2016); and even more recently, deterministic daily

products have been developed [Daymet version 3, re-

leased September 2016, and the University of Hawai‘i

daily product introduced by Longman et al. (2019)].

Thus, there is a need to continue development of hy-

drometeorological forcing datasets over Hawaii for the

myriad application uses.

Additionally, accounting for uncertainty in these data-

sets is critical for properly understanding uncertainty in

any application modeling chain. Uncertainty quantifi-

cation is especially necessary in complex terrain or re-

gions with large gradients (e.g., Slater and Clark 2006;

Kuczera et al. 2010; Gutmann et al. 2014; Prein and

Gobiet 2017). Specifically, quantification and inclusion

of uncertainty in near surface meteorology is key for a

fuller understanding of model parameter uncertainty

during model calibration (Kuczera et al. 2010) and any

subsequent climate impact modeling (Clark et al. 2016),

for specifying model state uncertainty in data assimilation

(e.g., Slater and Clark 2006; Huang et al. 2017; Kumar

et al. 2017), and for assessment of atmospheric model

output (Prein and Gobiet 2017). Of the aforementioned

studies, only Giambelluca et al. (2013) includes an esti-

mate of the uncertainty in the gridded climatological

fields over Hawaii.

Motivated by the need for rigorous uncertainty

quantification for impact assessment, we develop a daily

100-member ensemble of precipitation and temperature

estimates over the Hawaiian Islands. Hawaii is charac-

terized by extreme topographic relief spanning from sea

level to over 4000m within tens of kilometers horizon-

tally, with extreme precipitation gradients caused by

the interaction of the complex terrain with persistent

northeasterly trade winds (Giambelluca et al. 2013;

Frazier et al. 2016). This environment makes Hawaii an

ecologically diverse region that is home to many en-

demic and threatened species (Myers et al. 2000; Sakai

et al. 2002) (Fig. 1). It is also strongly influenced

by interannual and interdecadal climate oscillations

(El Niño–Southern Oscillation and the Pacific decadal

oscillation) and has experienced long-term drying across

most of the islands (Chu and Chen 2005; Frazier and

Giambelluca 2017).

Our main contribution is ensemble gridded precipi-

tation, mean temperature, and the diurnal temperature

range (DTR) estimates for the Hawaiian Islands for

the period 1990–2014 at 1-km grid resolution, to en-

able consistent spatiotemporal uncertainty quantification

and subsequent use in the aforementioned applications.

We extend the methodology of Clark and Slater (2006,

hereafter CS06) and N15 to include hierarchal time-

scale separation—this is effectively a probabilistic

application of the deterministic climatologically

aided interpolation (CAI) approach of Willmott and

Robeson (1995). We choose to model daily mean

temperature and the DTR because successful recre-

ation of DTR is important to biological life cycle

models (e.g., Monaghan et al. 2016) and energy bal-

ance models that use empirical relationships between

temperature and radiation to provide gridded radia-

tion estimates (e.g., MT-CLIM; Bristow and Campbell

1984; Running et al. 1987). Additionally, estimating

DTR avoids any nonphysical interpolated Tmin . Tmax

situations.

The remainder of the paper is organized as follows: we

introduce the input datasets in section 2; discuss the

methodology to generate the ensemble fields, compare

methodological advances, and validate the results in

section 3; provide a detailed leave-one-out cross vali-

dation in section 4; specifically address validation of

extremes in section 5; and finally, note summary dis-

cussion in section 6.
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2. In situ observational datasets

a. Monthly precipitation data

Monthly rain gauge data were compiled from many

sources across Hawaii including plantations, National

Weather Service cooperative gauges, andmesonetworks

(Longman et al. 2018). This collection resulted in 2000

stations that were then quality controlled and gap-filled

with approximately 1100 unique gauges that passed

quality control procedures such as homogeneity testing

and manual screening and had sufficiently filled record

length following Eischeid et al. (2000) in the 1920–2012

period (Frazier et al. 2016). Here we focus on stations

with valid 1978–2007, 30-yr climate normal monthly

precipitation to generate monthly climatological pre-

cipitation (see section 3 for further discussion), as in

Giambelluca et al. (2013). Here valid stations for a

particular month are those from the Frazier et al. (2016)

dataset with at least two monthly values during the

1978–2007 timeframe. This choice was made to maxi-

mize available observations. Each month has a different

number of valid observations, ranging from 86.5% (950)

to 90.4% (993) of the approximately 1100 possible

unique gauges. The 1978–2007 July climate normal

precipitation gauge network is shown in the left panel of

Fig. 2. Note that these precipitation data do not include

fog drip, the interception of cloud droplets by the can-

opy, which can be a nonnegligible portion of total sur-

face water input (Giambelluca et al. 2013), and in some

localized areas fog drip is larger than precipitation

(Juvik et al. 2011). This may impact the quality of hy-

drologic simulations in certain areas of Hawaii that have

frequent clouds intersecting the terrain as the ensemble

FIG. 1. Extent of domain with elevation contours in shaded colors.

FIG. 2. (left) Climatological precipitation gauge network for July, (center) daily precipitation gauge network, and (right) daily tem-

perature station network. Dark circle markers indicate stations used in the climatological or daily analyses, and light squares are unused

stations resulting from incomplete data filling. Map scale bars and north orientation arrow are in the leftmost panel. All panels and

subplots in this and subsequent figures have the same orientation and scale. Elevation is given as grayscale contours with sea level (thick

black), and 500-m, 1500-, and 2500-m contours transitioning from thin dark gray to thin light gray.
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product will significantly underestimate total surface wa-

ter inputs. Finally, an important distinction in this study is

that we include only actual in situ gauge observations.

Giambelluca et al. (2013) also include in their climato-

logical observation set radar point precipitation estimates

and synthetic observations from limited-area model sim-

ulations and ecologic observations. SeeGiambelluca et al.

(2011) for additional details on station data collection,

quality control, and data filling.

b. Daily data

Daily precipitation and temperature records were

compiled from 16 climate networks across the Hawaiian

Islands over the period from 1 January 1990 through

31 December 2014. Longman et al. (2018) discusses the

various networks and initial quality control applied to

the data. These daily data were then filled using the

cumulative density function (CDF) matching method

described in N15 to create serially complete daily pre-

cipitation and temperature data. To be considered for

interpolation, a station is required to have at least three

years of observations in this case (as opposed to 10 in

N15) to balance robust sampling statistics and retention

of asmany stations as possible. Then, the nearby stations

are used to fill missing data using the highest available

rank correlated station, where the rank correlation is

determined from a minimum of three years of overlap

between the target and nearby stations. If a station is

unable to be made serially complete, it is not used. The

choice to fill the data was made to produce a more homo-

geneous input station network to avoid issues in estimating

long-term means in data sparse regions, interannual vari-

ability, and trends (e.g., Henn et al. 2018; Walton and Hall

2018). By filling individual stations to be serially com-

plete, these issues are somewhat alleviated (e.g., N15;

Henn et al. 2018). However, this step uses the assumption

of stationarity at each individual station, thus any long-

term trend analysis will be influenced by that assumption.

Initially, there were 471 precipitation and 142 temperature

observations. After filling, 439 (93% of original) pre-

cipitation and 117 (83% of original) temperature stations

were made serially complete and included in the final

product (Fig. 2, center and right panels).

3. Methods

a. Ensemble gridding methodology

Here we estimate an ensemble of daily precipitation,

daily mean temperature, and the DTR.We first describe

the underlying theory and express it specifically for this

case, which defines the distribution functions and parame-

ters. Estimation of the parameters is achieved using locally

weighted regression, and ensemble realizations are

generated by sampling from the estimated distributions

using spatiotemporally correlated random fields.

1) THEORY

Precipitation is an intermittent process at many time

scales (e.g., daily), therefore the probability distribution

function (PDF) of precipitation typically contains a frac-

tion concentrated at zero. Intermittent processes such as

precipitation can bemodeled asP(XP 5 0)5 po, where po

is the probability of zero precipitation, and a CDF for the

rest of the valuesXP . 0. Following Papalexiou (2018), the

CDF for precipitation XP can be written as

F
XP
(x

P
)5 (12 p

o
)F

XPjXP.0
(x

P
)1 p

o
, for x

P
$ 0,

(1a)

where FXPjXP.0(�) is the CDF of precipitation given that

precipitation occurs. Because temperatures XT and XDTR

are not intermittent like precipitation, the CDFs for mean

temperature and DTR (subscript D) can be written as

F
XT
(x

T
) , (1b)

F
XD
(x

D
) . (1c)

Transformation functions are used to map precipitation

to a normal distribution regardless of the form of

FXPjXP.0(�). CS06 define the transformation using the

empirical CDF of precipitation derived from the

historical observations. N15 modify the precipitation

transformation to a parametric power-law form to re-

move the requirement of computing and storing the

empirical CDFs for each station:

X
P
5 y(Y

P
)5Ya

P , (2a)

Y
P
5 y21(X

P
)5X1/a

P , (2b)

where a is the transform exponent (set to 4 in N15) and

the transformation is performed on only nonzero pre-

cipitation values. Parameter YP is assumed to be nor-

mally distributed:

Y
P
;N (m

YP
,s2

YP
), for x

P
. 0, (3)

with mean mYP
and variance s2

YP
.

2) PARAMETER ESTIMATION

From Eqs. (1)–(3), there are three parameters that

need to be estimated for precipitation: po, mYP
, and sYP

.

The parameter po is estimated using locally weighted

logistic regression. Following CS06, local dependence is
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incorporated using distance-dependent station weights

computed for each grid cell:

w
i
5

"
12

�
d
i

d
max

�3
#3

, (4)

where wi is the weight assigned to individual stations

(used to populate a diagonal weight matrix W), di is the

distance of the current station to the current grid point

being considered, and dmax is the maximum distance

beyond which stations receive zero weight. N15 set the

number of stations considered for each grid point ns to

30. N15 also considers two cases using an initial search

radius of 100 km:

d
max

5

(
100 km, for n

r
$ n

s

d
i5ns

1 1 km, for n
r
,n

s

, (5)

where di5ns is the distance to the nsth station, and nr is

the number of stations within the search radius. For the

first case the ns closest stations are used, and in the

second case the search radius is expanded until nr 5 ns.

At each time step, the logistic regression estimate for

p̂0 at each grid cell g is given as

12 p̂
0,g

5
1

11 exp(2A
g
)b̂o

g

, (6a)

whereAg is the row vector of na 1 1 spatial attributes for

the current grid cell (na is the number of spatial attri-

butes, and the extra element accounts for the regression

intercept), and b̂o
g is the column vector of regression

coefficients, estimated iteratively as

b̂o
g,new 5 b̂o

g,old 1 (AT
s WV̂A

s
)
21
AT

s W(P
0
2 p̂) , (6b)

where As is the ns 3 na 1 1 design matrix of spatial at-

tributes for the ns nearest stations, P0 is the vector of

binary precipitation occurrence values, V̂ is the variance

matrix, p̂ is the vector of estimated occurrence values at

each station, and b̂o
g,old is initialized as a vector of ones.

The spatial attributes in N15 are latitude, longitude, el-

evation, east–west slope, and north–south slope.

Next,mYP ,g
andsYP ,g are estimatedusing locallyweighted

multiple linear regression:

m̂
YP,g

5A
g
b̂a
g , (7a)

where b̂a
g is the vector of multiple linear regression co-

efficients estimated as

b̂a
g 5 (AT

s WA
s
)
21
AT

s WY
P
, (7b)

where YP is the vector of station values computed using

Eq. (2b) and all other variables are as defined previously.

Finally, ŝ2
YP ,g

is estimated using the sum of the squared

leave-one-out cross-validation errors, compiled by ap-

plying Eq. (7) to individual stations:

ŝ2
YP,g

5
�
ns

i51

w
i
(ŷ

P,2i
2 y

P,i
)2

�
ns

i51

w
i

, (8)

where ŷP,2i is the estimated value when the ith station is

withheld from the regression equation and yP,i is the

observed value at the ith station transformed using

Eq. (2b).

Temperature and the DTR are assumed to be Gaussian

without having to perform any transformation:

X
T
;N (m

T
,s

T
), (9a)

X
D
;N (m

D
,s

D
). (9b)

To estimate mT , sT , mD, and sD at each grid point, we

use Eqs. (7) and (8), substituting YP for XT or XD.

3) ENSEMBLE GENERATION

Ensemble realizations of precipitation and tempera-

ture are generated by sampling from the estimated dis-

tributions of YP, XT , and XD which are estimated at all

valid grid points and time steps. The sampling is done

using spatiotemporally correlated random fields. At the

first time step, draw from

Z
0
;N (0,S

Z
), (10a)

where SZ is the covariance matrix,

S
Z
5 [c

gg0 ]5c(js
g
2 s

g0 j) ; (10b)

sg and sg0 are the spatial locations of grid points g and g0;
and c(�) is a spatial correlation function that depends

only on the distance between two stations. The expo-

nential correlation function is used here, given by

c(s)
gg0 5 c

o
exp

�
2

h
gg0

h

�
(10c)

with

h
gg0 5 s

g
2 s

g0 , (10d)

where co is the initial correlation value, h is the spatial

correlation length, and the sg 2 sg0 norm is calculated

using the great-circle distance. Currently co and h are
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spatially constant, have seasonally varying values in N15,

and vary for precipitation and temperature. The suit-

ability of these choices is an area that will be examined in

future work.

The spatial fields Zt ;N (0, SZ) are defined to repre-

sent the lag-1 correlation for mean temperature and the

DTR (subscript D), as well as the instantaneous cross

correlation between the DTR and precipitation:

Z
T ,t

5 r
T
Z
T,t21

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
12 r2T

q
W

T,t
, (11a)

Z
D,t

5 r
D
Z
D,t21

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
12 r2D

q
W

D,t
, (11b)

Z
P,t

5 r
CX

Z
D,t21

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
12 r2CX

q
W

P,t
, (11c)

where rT and rD are the lag-1 correlation for tempera-

ture and the DTR, rCX is the cross correlation between

the DTR and precipitation, and W(�),t ;N (0, SZ) is a

new spatially correlated random field. For temperature,

r(�) in Eqs. (11a) and (11b) is the usual lag-1 autocorre-

lation estimated by regression. We do not explicitly

simulate the lag-1 correlation for precipitation or the

cross correlation between the DTR and temperature.

Once Z(�),t is computed, physical values are generated

through the following transformation:

x̂
u,g

5 y[F21
Z (u

g
)] , (12)

where FZ ;N (m, s), ug is the cumulative probability of

Z(�),t at grid point g, and x̂u,g is the estimated value at ug.

Precipitation and temperature at one time step and

grid point are (the subscripts t and g are dropped to

simplify notation):

x̂
u,P

5

8><
>:

0, 0# u
P
# p̂

o

y

�
F21
P

�
u
P
2 p̂

o

12 p̂
o

��
, p̂

o
, u

P
# 1

, (13a)

x̂
u,T

5F21
T (u

T
) , (13b)

x̂
u,D

5F21
D (u

D
) , (13c)

where y(�) is the transformation defined in Eq. (2).

b. Ensemble climatologically aided interpolation

Several modifications to this method are made be-

cause of the challenging hydroclimate in the Hawaiian

Islands. The general workflow for the ensemble CAI

after station and DEM preprocessing is presented in

Fig. 3, while a summary of the methodological modifica-

tions described next is given in Fig. 4. The left side of the

solid line describes the previous direct daily methodology

(CS06; N15), while the right side describes the new en-

semble CAI methodology. The CAI portion is split into

the climatological and daily anomaly calculations.

On any given day, there are roughly 400 daily pre-

cipitation observations and 100–150 temperature obser-

vations available throughout the islands. Initial testing

using the N15 configuration with daily precipitation lapse

rates indicated the daily station densities were insufficient

to resolve key climatological precipitation maxima around

the island chain (see section 4). Therefore, a CAI meth-

odology is employed (e.g., Dawdy and Langbein 1960;

Peck and Brown 1962; Jones 1994; Daly et al. 1994;

Willmott and Robeson 1995; Di Luzio et al. 2008; Frazier

et al. 2016) to better capture long-term precipitation maxima.

CAI allows for propagation of known information from

better-resolved climatological gradients across temporal

scales (in this case climatological to daily).

In CAI, daily values are generated by interpolating

daily anomalies of precipitation or temperature, and

then combining the daily anomalies with the climato-

logical fields to generate the daily values. Daily ratio (or

multiplicative) anomalies for each station are calculated

using the climatological precipitation at the nearest grid

point for each month. For example, if the July climato-

logical precipitation is 93mm at the nearest grid point

to a station, the daily climatological precipitation is

93/31 or 3mmday21, and anomalies for all July dates are

the ratio of the station/climatological grid. Thus, if 1 July

had 6mm of precipitation the anomaly ratio is 6/3, or 2.

For temperature, anomalies are calculated as departures

from the climatological monthly mean values.

FIG. 3. Workflow diagram of the climatologically aided ensemble

system moving from top to bottom.
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To implement CAI into the ensemble framework,

monthly climatological values are computed first. The

CDFs for monthly climatological precipitation and tem-

perature follow Eq. (1) with XP substituted for XPC and

XT for XTC. For precipitation, the transformation in Eq.

(3) is changed from a simple power law to a Box–Cox

transform (Box and Cox 1964) because the back trans-

formation is more stable:

X
PC

5 y(Y
PC
)5 (Y

PC
l1 1)1/l , (14a)

Y
PC

5 y21(X
PC
)5

Xl
PC 2 1

l
, (14b)

where l is set to 1/3 after sensitivity testing (not shown)

and YPC follows Eq. (3). Mean daily temperature and

the DTR again follow Eq. (9). Then poC, mYPC
, s2

YpC
,

mTC, s
2
TC,mDC, and s2

DC are estimated using Eqs. (4)–(8).

Here we set ns 5 25, dmax 5 10 km, and the initial search

radius to 10km in Eq. (5). These changes increase the high

frequency responsiveness of the logistic and ordinary re-

gressions [Eqs. (6) and (7)]. Also, the spatial attributes

included in Ag and As are changed to latitude, longitude,

elevation, and distance to the coast. This predictor set was

found to represent climatological precipitation patterns on

Hawaii better than the attributes used in N15 (not shown).

An ensemble of monthly climatological precipitation,

mean temperature, andDTR is generated using Eqs. (10)–

(12) substituting x̂uP, x̂uT , and x̂uD with x̂uPC, x̂uTC, and

x̂uDC, respectively. The result [following Eq. (13)] is

x̂
uPC

5

8>><
>>:

0, 0# u
PC

# p̂
oC

y

�
F21
PC

�
u
PC

2 p̂
oC

12 p̂
oC

��
, p̂

oC
, u

PC
# 1

, (15a)

x̂
uTC

5F21
TC(uTC

) , (15b)

FIG. 4. Methodological comparison between the direct daily value and CAI for the ensemble system. Black and green text denotes the

base methodology with green text denoting steps taken for precipitation only, while red text highlights methodological changes in the

CAI system.

MARCH 2019 NEWMAN ET AL . 515



x̂
uDC

5F21
DC(uDC

) . (15c)

The daily ratio and daily anomalies for precipitation,

temperature, and DTR are computed using the esti-

mated climatological ensemble means for the closest

grid point to each station, to force consistency between

the daily anomalies and the estimated climatological

ensemble. Daily anomalies follow Eq. (1) and their

transforms follow Eq. (13) substituting XPC with XPA,

XTC with XTA, and XDC with XDA; and poA, mYPA
, s2

YPA
,

mTA, s
2
TA,mDA, and s

2
DA are estimated using Eqs. (4)–(8).

For the daily anomaly regressions, the spatial attri-

butes included in Ag and As are changed to latitude

and longitude, because the climatological fields are

assumed to contain the elevation and coastal gradient

information.

Ensemble realizations of daily precipitation and

temperature at each time step and grid point fol-

low Eqs. (10)–(12), with the additional step of

transforming anomalies back to physical space. For

precipitation,

x̂
uPA

5

8>><
>>:

0, 0# u
PA

# p̂
oA

y

�
F21
YPA

�
u
PA

2 p̂
oA

12 p̂
oA

��
, p̂

oA
, u

PA
# 1

. (16)

Then the rank of x̂uPA is used to determine which cli-

matological precipitation ensemble member is used to

create the daily precipitation:

x̂
uP
5 x̂(i)uPC

x̂(i)uPA
, (17)

where (i) is the ith ranked value of x̂uPA. Note that we

censor the distribution in Eq. (16) when YPAl is less

than21 to prevent negative precipitation values and set

the corresponding final x̂uP to 0.1mm. Mean tempera-

ture and DTR are less complicated because they are

continuous, assumed Gaussian, and the anomalies have

physical units. The climatological and daily anomaly

means and variances are combined as

m̂
T
5 m̂

TC
1 m̂

TA
, (18a)

m̂
D
5 m̂

DC
1 m̂

DA
, (18b)

ŝ2
T 5 ŝ2

TC 1 ŝ2
TA , (18c)

ŝ2
D 5 ŝ2

DC 1 ŝ2
DA , (18d)

where m̂T and m̂D are the regression estimated mean

temperature and DTR, and ŝ2
T and ŝ2

D are the estimated

total variance of temperature and DTR. Note that this

assumes independence between climatological and daily

estimates. The simulated mean temperature and DTR

are simply [following Eq. (13)]:

x̂
uT
5F21

T (û
T
) , (19a)

x̂
uD

5F21
D (û

D
) . (19b)

Following Giambelluca et al. (2013) and Frazier et al.

(2016), we focus on seven of the eight major Hawaiian

islands: Kauai, Oahu, Molokai, Lanai, Maui, Kahoolawe,

and Hawaii Island (Fig. 1). The same initial 250-m

DEM is used, coarsened to 1km such that 16 of the

Giambelluca et al. (2013) grid cells fit exactly into one

1-km grid cell, thus comparisons are as direct as possi-

ble. On the 1-km grid, there are 18 009 valid grid cells.

A 100-member ensemble of daily precipitation, mean

temperature, and DTR for 1 January 1990 through

31December 2014 is generated. An example application

of the ensemble CAI method for one day of pre-

cipitation is given in Fig. 5.

c. Methodological comparison

To quantify the changes with use of CAI in the en-

semble system we provide a brief methodological

comparison of results using the previous method and

the new ensemble CAI presented in section 3a. As

discussed in section 2, the primary justification for

moving to a CAI methodology is that there are more

than 2 times as many long-term monthly precipitation

observations as daily precipitation observations. The

climatological station network increases the number

of observations across Hawaii (Figs. 2a,b) nearly

everywhere, which improves the sampling of climato-

logical precipitation features. We examine the long-

term daily mean precipitation climatology from the

two methods, and two example monthly accumulation

periods, January and July 2005, where the January

precipitation patterns were less similar to the clima-

tological spatial pattern than those in July. Finally, for

temperature, the climatological and daily station net-

works are the same, so the switch to the ensemble CAI

methodology is motivated primarily by the argument

of consistency between the precipitation and temper-

ature generation methodologies. Therefore, no meth-

odological comparison was performed for temperature

variables.

d. Validation methodology

Daily validation is performed using leave-one-out

cross validation for ensemble predictions at the station

locations. For a station location, the ensemble estimated

precipitation and temperature using the next 25 nearest

stations is computed for a day. This was done across all
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station locations for the entire time period in the sub-

sequent analysis. We perform both deterministic val-

idation using the ensemble mean and probabilistic

validation using the full ensemble. Validation of

the probability of precipitation (PoP) is important

because spatial and temporal representation of oc-

currence effects subsequent results throughout the

impact modeling chain (e.g., Mizukami et al. 2016).

Note that we provide validation of PoP for the full

product (essentially calibration mode, includes all

stations and data).

Specifically for the deterministic precipitation vali-

dation we use all days in the observed record because

the ensemble is a probabilistic product; some of the time

it will inherently assign nonzero precipitation probabil-

ities to grid cells nearest observations even when the

nearest observation has zero precipitation, or assign

zero (or small) precipitation probabilities when the

nearest observation is reporting precipitation. This be-

havior leads to an underestimation of precipitation

when verifying using only on days with observed non-

zero precipitation in the ensemble (not shown). Finally,

we define precipitation variability simply as the mean

of the standard deviation of the individual ensemble

member precipitation time series.

Ensemble estimates of precipitation allow for probabi-

listic verification; here we use reliability and discrimination

diagrams. Briefly, reliability diagrams indicate the ob-

served occurrence of an event (e.g., precipitation. 1mm)

versus the predicted occurrence of the event. Perfect

predicted reliability would fall along the 1–1 line, the

prediction always having the same probability as ob-

served. Predicted probabilities to the left (right) of the

line imply an underprediction (overprediction). Dis-

crimination diagrams highlight the ability of a predic-

tion to discriminate between events and nonevents.

The probability distributions for nonevents and events

should have minimal overlap and maximize the differ-

ence between the mean values of the two distributions.

Moreover, we focus a significant portion of the vali-

dation on daily extremes.1 We examine precipitation

99.9th (;1 day in 3 years high exceedance) and

temperature 99th daily percentile (;3 days per year

high exceedance) and temperature 1st percentile

(3 days per year low exceedance). Ensemble 99.9th

and 1st percentiles are computed for each grid box

for each ensemble member using all days. The en-

semble mean is then the average of the 100 member

estimates.

Last, we examine the fraction of precipitation coming

from extreme precipitation days using the R95pTot

metric from the CLIMDEX project (https://www.

climdex.org/learn/indices/, index 25; e.g., Gampe and

Ludwig 2017; Walton and Grieco 2017) in fractional

space:

R95pTot5
�
n

d51

R
d
.P95

�
n

d51

R
d

, (20)

where n is the number of rainy days, Rd is the accumu-

lation on the dth day, and P95 is the value of pre-

cipitation at the 95th percentile when considering only

rainy days. This is the total precipitation from days

greater than the 95th percentile of rainy days over the

total precipitation from all rainy days, where a rainy

day is defined as a day with $1mm accumulation.

FIG. 5. Example creation of one daily precipitation ensemble member. The (a) daily ratio anomaly (unitless) is combined with a

(b) spatially correlated random field (unitless) and the (c) daily ratio uncertainty (unitless) to create a daily ratio anomaly for one

ensemblemember (not shown). This result is combinedwith the (d) ordered ensemble climatological precipitation at each grid point (mm)

to create one realization of (e) daily precipitation (mm). Map orientation, scale, and elevation contours are the same as Fig. 2.

1 Note that we use the descriptor extreme for uncommon (e.g.,

1st or 99.9th percentiles) but not exceedingly rare events.
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This integrated metric offers insight into behavior of

the ensemble method for all extreme precipitation days

and thus the behavior of the tail of the precipitation

distribution, rather than a snapshot metric such as the

99th percentile.

4. Validation

a. Methodological comparison

Annual ensemble mean climatological precipitation

from the previous direct daily value method applied to

the contiguous United States in N15 (Daily hereafter)

and new CAI methodologies are shown in Figs. 6a and

6b, respectively. The Daily methodology operates di-

rectly on the daily data, and underestimates heavy pre-

cipitation zones on the windward (northeast) sides of all

the islands. Additionally, there are differences in the

placement of the precipitation gradients between the

two methods. For example, the Daily methodology

predicts greater annual precipitation at high elevations

near the center of Hawaii Island than the CAI meth-

odology (Fig. 6). However, consistent under prediction

of the Daily method (and to a lesser extent the CAI

methodology) is observed along windward sides of all

islands when compared to observations (Fig. 7). Sub-

stantial long-term daily mean underestimation of pre-

cipitation would negatively influence all further impact

modeling through an incorrect water balance derived

from the climatologically biased precipitation inputs.

The CAI methodology for Hawaii improves estima-

tion of the spatial distribution of the long-term daily

mean precipitation. Very often, where the CAI meth-

odology is wetter than the Daily method, the biases are

reduced compared to the Daily method (Figs. 6c and 7;

e.g., east Molokai). Overall, the archipelago-wide biases

are 2228 (from 2183 to 2275) and 2304 (from 2242

to2368) mm with mean absolute errors (MAEs) of 472

(428–521) and 601 (543–682)mm for the Hawaii CAI

and Daily methodologies, respectively. The values in

parentheses are the 90% bootstrapped confidence in-

tervals (bootstrapped on the resulting statistics) using

1000 iterations here and in the rest of the study. The

MAE differences are statistically significant but the bias

differences are not.

Using CAI and reducing the number of predictors

limits the flexibility of the regression on shorter (daily to

monthly) time scales, particularly in situations where the

spatial distribution of precipitation deviates from the

climatological pattern, for example, more precipitation

in climatologically dry than wet regions. Here, one may

expect some degradation in a CAI-based product (e.g.,

Lundquist et al. 2015). The performance between the

two methodologies is similar (Table 1) for the January

and July 2005 example monthly accumulations. In this

case, the Daily methodology performs statistically the

same as the CAI methodology for mean and median

biases yet outperforms the CAI method for MAE in

January of 2005, when the observed precipitation pat-

terns deviated from climatology. In July of 2005 the

FIG. 6. (a) Hawaii CAI annual precipitation climatology (mmyr21), (b) Daily method derived annual precipitation climatology

(mmyr21), (c) relative (to CAI amount) difference field between Hawaii CAI and Daily method (%). Map orientation, scale, and

elevation contours are the same as Fig. 2.
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methods are statistically the same for the mean bias and

MAE, while the CAI method is statistically better for

median bias.

This result suggests that at monthly time scales, par-

ticularly when the precipitation pattern deviates from

climatological patterns, CAI methodologies may be less

skillful than daily interpolation approaches. For this

case, the improvements in long-term daily precipitation

bias and MAE at station locations, the general im-

provement in the climatological pattern of precipitation

in unobserved locations (e.g., windward areas are wetter

and leeward areas are drier in the CAI fields), and the

essentially equivalent performance for daily to monthly

time scales supports usage of the CAI methodology for

Hawaii. More broadly, daily interpolation and CAI are

end points of the interpolation continuum. Future in-

vestigation will examine themiddle ground, which could

include shorter climatological integration periods (e.g.,

weekly, monthly), weather-type CAI, or analog CAI.

b. Deterministic precipitation

The deterministic precipitation cross validation (Fig. 8)

shows that the ensemble has a bias of 0.1mmday21

across all stations (Figs. 8a,b, Table 2). Precipitation is

overestimated in the windward coastlines of Hawaii,

Maui, and Oahu and precipitation is underestimated in

inland locations. As seen in the climatological estimates,

the precipitation peaks along Kauai, Oahu, and Maui

are also underestimated. The ensemble MAE is gener-

ally similar across the islands with maximum values in

areas of higher precipitation; the overall MAE is

2.5mmday21. Similar to the other results here, MAE is

greatest on the eastern side of Maui, and the peaks of

Kauai and Oahu (Fig. 8c).

FIG. 7. (a) Hawaii CAI to observation relative difference in annual precipitation (%) and

(b) Daily method to observation relative (to observed amount) difference in annual pre-

cipitation (%). Map orientation, scale, and elevation contours are the same as Fig. 2.

TABLE 1.Monthly precipitationmean bias (mm), median bias (mm), andMAE (mm) for January and July 2005. The 90%bootstrapped

(1000 iterations) confidence intervals are in parentheses. Bold font indicates statistically significant improvement vs the other method at

the 90% level.

January 2005 July 2005

CAI Daily CAI Daily

Mean bias 10.7 (5.8–15.0) 5.7 (1.6–9.3) 6.9 (0.3–12.3) 11.7 (6.6–15.4)

Median bias 4.7 (1.9–9.3) 9.2 (5.6–12.2) 4.1 (3.0–5.5) 11.0 (9.3–13.6)

MAE 45.4 (41.8–48.9) 36.2 (33.9–38.9) 36.8 (32.5–42.6) 33.3 (30.3–37.1)
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The ensemble daily precipitation variability has a bias

of 2.8mmday21 and an MAE of 3.3mmday21 (Fig. 8d,

Table 2). Spatial error patterns are very similar to

the other statistics, with a general overestimation of

variability on the windward coasts and some un-

derestimation inland. Variability of precipitation is

another key statistic that should be well represented

in successful gridded precipitation products used for

hydrologic impact modeling as precipitation intensity/

variability affects modeled infiltration. Variability can

be poorly represented in gridded products, and should

be used with caution when evaluating changes in

variability for climate assessments (e.g., Begueria

et al. 2016).

FIG. 8. (a) Ensemble mean daily cross-validation bias using the mean difference (mm),

(b) ensemble mean daily cross-validation bias using the median difference (mm), (c) ensemble

meanMAE, and (d) ensemble mean variability (standard deviation) bias (mm). The ensemble

mean variability is the mean of the individual ensemble member standard deviations rather

than the standard deviation of the ensemble mean precipitation. Map orientation, scale, and

elevation contours are the same as Fig. 2.

520 JOURNAL OF HYDROMETEOROLOGY VOLUME 20



Finally, the ensemble mean PoP is validated using the

entire time series of the daily station data and ensemble

members in Fig. 9. Long-term PoP for the observations

and an ensemble member is simply the number of rainy

days divided by the total number of days. The ensemble

mean PoP is then the mean of the individual member

long-term PoP values. PoP is highest in the areas of

highest precipitation, along the windward slopes of the

islands below the trade wind inversion (Fig. 9a), with

secondary occurrence maxima along the southern and

western coasts of Hawaii Island. In these regions, pre-

cipitation occurs over 80% of the time. Conversely, on

the leeward coasts of Maui, Hawaii, and Kahoolawe,

precipitation occurs as little as 10% of the time. The

ensemble is able to reproduce the observed PoP patterns

well (Figs. 9b,c), is unbiased across all the stations, and

has a MAE of 0.07 (7%). This result implies that the

ensemble product will be useful for energy balance

modeling applications for Hawaii where the prediction

of occurrence is important for surface energy balance

calculations (e.g., Mizukami et al. 2016).

c. Probabilistic precipitation

The probabilistic reliability (e.g.,Wilks 2006) is shown

in Figs. 10a, 10c, and 10e for three different precipitation

thresholds. For all events, there is an under prediction

at low observed probabilities and an overprediction at

high probabilities. As the threshold of event occur-

rence is increased, the reliability deteriorates for the

highest observed probabilities of occurrence (Figs. 10c,e).

The discrimination of event occurrence (Figs. 10b,d,f)

shows that the ensemble can discriminate precipitation

events from nonevents, with a difference between the

event and nonevent distribution mean probabilities of

0.51, 0.41, and 0.36 for .0mm, .25mm, and .50mm,

respectively.

As the threshold increases, discrimination ability de-

creases, but results for Hawaii are better than the initial

continental United States (CONUS) product of N15.

This may be due to the different regions of application

or due to a methodological difference. Higher threshold

precipitation event frequency closely follows the mean

TABLE 2. Summary deterministic cross-validation statistics for ensemble daily values of precipitation, precipitation variability (standard

deviation), mean temperature, and diurnal temperature range. The 90% bootstrapped (1000 iterations) confidence intervals are in

parentheses.

Precipitation (mmday21) Precipitation variability (mmday21) Mean temperature (K) Diurnal range (K)

Mean bias 0.1 (0–0.3) 2.8 (2.5–3.2) 0.1 (0–0.2) 0 (20.3 to 0.3)

Median bias 0.3 (0.2–0.4) 1.6 (1.3–1.9) 0.1 (20.1 to 0.2) 0.1 (20.4 to 0.3)

MAE 2.5 (2.3–2.7) 3.3 (3.0–3.7) 1.0 (0.9–1.1) 2.2 (2.0–2.3)

FIG. 9. (a) Ensemble long-term PoP, (b) observed long-term PoP, and (c) ensemble PoP bias. Map orientation, scale, and elevation

contours are the same as Fig. 2.
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precipitation distribution in Hawaii, which may not

happen as frequently over the CONUS. This implies that

relationships between stations may be stronger in Hawaii.

The addition of CAI also adds spatial predictability from

the mean into the daily fields. This combination of region

and methodological difference is likely improving the

probabilistic verification for Hawaii, but future work will

investigate further.

FIG. 10. (a),(c),(e) Reliability diagrams from the daily cross-validation data for three precipitation

thresholds: 0, 25, and 50 mm, respectively. The black line is the perfect 1–1 line; the blue line is the ensemble

performance. (b),(d),(f) Discrimination diagrams for the daily cross-validation of the ensemble for the same

three thresholds: 0, 25, and 50 mm. Black (red) lines denote the nonevent (event) probability distributions.

Gray shading in the figure panels represents the 95% confidence interval due to sampling uncertainty

determined via bootstrapping; no gray shading indicates the plotted colored line width is larger than the

sampling uncertainty.
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d. Deterministic temperature

The mean temperature and DTR (Fig. 11) are both

statistically unbiased overall, with biases of 0.1K for the

mean T and 0K for DTR (Table 2, Figs. 11a,b) and 90%

confidence intervals encompassing zero. Mean temper-

ature is simulated to within a MAE of 2K at 114 of 117

stations (97%), and the DTR is simulated to within a

MAE of 4K at 109 of 117 stations (93%). The spatial

pattern of bias and MAE appears random, but they do

have statistically significant (90% level) increases with

elevation for mean temperature bias and MAE and

DTR bias andMAE of 0.12, 0.13, 0.38, and 0.35Kkm21,

respectively. This trend may be influenced by the rela-

tive lack of stations at high elevations.

Giambelluca et al. (2014) found that DTR is impacted

by the trade wind inversion. The trade wind inversion

(TWI) is a product of the global general circulation

pattern; there is large-scale subsidence from the Hadley

cell over Hawaii (e.g., Peixoto and Oort 1992). In

Hawaii the TWI generally demarcates the boundary of

the planetary boundary layer and the free atmosphere

(Giambelluca et al. 2014). Giambelluca et al. (2014) also

found that DTR increases with elevation (neglecting the

influence of precipitation) to a maximum around the

trade wind inversion and then decreases again above

the inversion. This behavior prompted them to treat

temperature using a piecewise regression framework,

one equation for elevations below the inversion, and one

above. We adopted a more general treatment in the

ensemble system, and we are able to reproduce this

general feature of DTR over Hawaii.

Climatological DTR for every observation location

for the observation and ensemble mean cross-validation-

derived values are given in Fig. 12. Longman et al.

(2015) found that the TWI is most frequently between

2000 and 2300m across the island chain throughout the

year. There is an increase in the observed DTR from sea

level to just below those elevations, with a decrease at

higher elevations above the trade wind inversion. The

ensemble is able to recreate the increase in DTR but

shows less decrease than the observed DTR at higher

elevations above the inversion.

5. Daily extremes

Daily extremes are higher-order statistics that can

be difficult to capture in gridded interpolations (e.g.,

Gervais et al. 2014). The locally varying nature of the

ensemble regression and inclusion of uncertainty for

each daily realization as here may better represent

FIG. 11. (a) Ensemble mean temperature cross-validation bias

(K), (b) ensemble mean diurnal temperature cross-validation bias

(K), (c) ensemble mean temperature MAE (K), and (d) the en-

semble mean diurnal temperature MAE (K). Map orientation,

scale, and elevation contours are the same as Fig. 2.

FIG. 12. Long-term mean observed (red dots) and ensemble

mean cross-validation estimated values (blue dots) diurnal tem-

perature range (K) at the observation locations.
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extreme values than more traditional deterministic in-

terpolation methods. A more detailed examination of

this issue can be found in Newman et al. (2019). Results

for the 99.9th (1 day in 3 years) precipitation percen-

tiles across ensembles are shown in Fig. 13. The

ensemble highlights areas of heavy precipitation

(Fig. 13a), with areas on Hawaii, Maui, Oahu, and

Kauai receiving .300mmday21 in 3 years and con-

firmed by the observations (Fig. 13b). Additionally,

these areas receive .100mm for ;18days a year (not

shown, 95th percentile).

Generally, the ensemble overestimates the 99.9th

percentile across the state of Hawaii (Fig. 13c) with a

bias of 50mm and an MAE of 53mm, with the largest

FIG. 13. (a) Mean of the 99.9th daily precipitation percentile (mm) across the individual

ensemble members, (b) observed 99.9th percentile (mm), (c) ensemble 2 observed 99.9th

percentile difference (%), and (d) the standard deviation of the 99.9th percentile value (mm)

across the ensemble members. Map orientation, scale, and elevation contours are the same as

Fig. 2.
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absolute uncertainties along the rainy windward sides of

the islands of Hawaii, Maui, and Kauai. This stems from

the combined impacts of the addition of noise in the en-

semble sampling and the precipitation transformation.

Transformations like the Box–Cox are sensitive to per-

turbations to large transformed values—the addition

of positive perturbations and then applying the trans-

formation widens the tails of the ensemble distribution.

Improving the representation of the full precipitation

distribution in the ensemble system is a topic of ongoing

research.

As an example, the estimated maximum 99.9th per-

centile in the ensemble is 592mm on the island of Kauai,

while themaximum observed is 349mm onKauai, about

3.5 km southeast of the ensemble maximum. Corre-

spondingly, absolute uncertainty in the percentile value

increases as the percentile value increases with the is-

lands of Hawaii and Kauai having the largest absolute

uncertainty (Fig. 13b). As seen in Figs. 13a–c, the en-

semble overestimates 99.9th percentile precipitation

values at the observation locations in the heaviest pre-

cipitation areas, but in the case of the 99.9th percentile,

the ensemble standard deviation (Fig. 13d) is often

larger than 30–50mm in those regions.

Additionally, the R95pTot statistic (section 3c) illus-

trates that the ensemble overestimates the contributions

from extremes to the total precipitation across the

state of Hawaii (Fig. 14). The ensemble overestimates

R95pTot with a mean bias of 0.033 (0.030–0.038) and a

MAE of 0.04 (0.037–0.043). Fractional overestimation is

larger in the very dry leeward portions of the islands,

while on the wetter windward sides the ensemble is

generally very close to observed values. The ensemble

mean here is the mean of the R95pTot values across

each individual ensemble member, not the R95pTot

metric for the ensemble mean precipitation.

Finally, the 1st and 99th percentiles for daily mean

temperature across the ensemble members and the

ensemble 2 observation differences are highlighted in

Fig. 15. Again, the strong dependency of temperature

on elevation is evident, with the higher elevations on

Hawaii Island having daily mean temperatures below

freezing more than 3days a year (Fig. 15a), and daily

mean temperatures greater than 108–158C less than

4days a year (Fig. 15c). At low elevations near the

coasts, daily mean temperatures are rarely below 108–
128C (in time or space) and in some areas can reach

near 308C several times a year (Fig. 15a). Comparisons

to observations (Fig. 15b) show that the ensemble

produces an unbiased estimate of the 1st percentile on

average, 20.1K (from 20.2 to 0.1K) with an MAE of

0.8K (0.7–0.9K). For the 99th percentile (Fig. 15d), the

ensemble performs slightly worse with a mean bias of

1.0K (0.8–1.1K) and an MAE of 1.2K (1.1–1.4K).

6. Summary discussion

In this study we developed a high-resolution (1-km

grid) daily precipitation and temperature ensemble that

can be used for hydrometeorological, ecological, and

FIG. 14. The fractional contribution of precipitation . 95th percentile for rainy days, R95pTot. (a) Mean ensemble R95pTot,

(b) observedR95pTot, and (c) the mean ensemble2 observation fractional difference.Map orientation, scale, and elevation contours are

the same as Fig. 2.
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climate downscaling/impact assessment. We extend the

methodology of CS06 and N15 to include hierarchal

time-scale separation—a probabilistic application of the

deterministic climatologically aided interpolation (CAI)

approach ofWillmott andRobeson (1995) to replace the

original daily orographic lapse rate determination used

in N15. The CAI approach first develops long-term

monthly climatologies from the climatological network

that better resolve the large-scale climatic gradients with

less noise than the daily data. The long-term monthly

climatology is created using the ensemble framework,

thus our ensemble estimates also include uncertainty in

our climatological estimates. After producing the cli-

matological ensemble, daily anomalies are generated

with uncertainty, which are combined with the clima-

tological ensemble to produce a 100-member ensemble

of daily gridded fields of precipitation and temperature

at 1-km resolution.

While daily lapse rate determination allows for flexi-

bility in the orographic lapse rates to change with dif-

ferent meteorological conditions (e.g., Daily method), it

can introduce noise from insufficient sampling and/or

measurement error. Climatological lapse rates are less

noisy, but do not vary with meteorological conditions

and may not represent individual precipitation event

distributions properly (e.g., Lundquist et al. 2015). CAI

produces a more unbiased product over the long term

with smaller mean absolute error (MAE) (Figs. 6, 7,

Table 1), which is critical for long-term impact modeling

(e.g., climate change impact assessment). However, for

shorter time scales (e.g., 1 month) the CAImethodology

has essentially equivalent (or slightly lower) skill than a

daily lapse rate method over Hawaii, particularly when

the precipitation accumulation patterns diverge from

climatology. The users of these types of datasets should

considermethodological choices such as this one, as they

affect which products are most suitable for a specific

application. More broadly, these two methodological

options for lapse rate determination—purely daily or

long-term climatology—are end points along a contin-

uum of lapse rate definition. Future work should be di-

rected at examining the tradeoffs of these endpoints and

developing and understanding techniques that lie in

between (e.g., aggregation along contiguous temporal

blocks, temporal aggregation via weather typing).

Cross-validation examination here highlights that

long-term precipitation amounts are represented with

little bias (Table 2, Fig. 8). The ensemble also captures

the spatial variability of precipitation occurrence (Fig. 9).

The probability of precipitation (PoP) is a higher-order

precipitation statistic, yet it is critical for energy balance

modeling, as incorrect occurrence of precipitation will

influence empirical estimates of radiation and the sub-

sequent model water budget partitioning (Mizukami

et al. 2016). Another higher-order statistic important

for hydrologic modeling is precipitation intensity or

variability, simply represented here as the standard de-

viation of daily precipitation. We show that the en-

semble is able to reproduce high daily precipitation

variability and slightly overestimates the day-to-day

variability across the domain (Fig. 8d). Rainfall in-

tensity controls infiltration, particularly in more physi-

cally based models that have infiltration excess runoff

generation mechanisms [e.g., the Variable Infiltration

Capacity (VIC) model]. Traditional interpolation tech-

niques often struggle to retain high intensity events (e.g.,

Gervais et al. 2014).

FIG. 15. (a) Mean of the 1st daily mean temperature percen-

tile (8C) across the individual ensemble members, (b) ensemble 2
observation 1st percentile differences (K), (c) mean of the 99th

daily mean temperature percentile (8C) across the individual en-

semble members, and (d) ensemble 2 observation 99th percentile

differences (K). Note the different temperature ranges from (a) to

(c). Map orientation, scale, and elevation contours are the same as

Fig. 2.
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Future work to further improve the representation of

extreme events will examine approaches such as the in-

tegrated weighted quantile square error loss proposed by

Craigmile et al. (2005) or a simulation approach using

Monte Carlo sampling from the ensemble daily time series

(e.g., Gilleland and Nychka 2005). For the truly rare

events, a simple vector generalized additive model tied to

an extreme value distribution could be a straightforward

way of obtaining added value (e.g., Gilleland et al. 2006;

Yee and Stephenson 2007; Cooley and Sain 2010; Heaton

et al. 2011) or other spatial extreme value methods, al-

though this research area is still very active (e.g., Turkman

et al. 2010; Ribatet 2013; Huser et al. 2017; de Fondeville

and Davidson 2018; Huser and Wadsworth 2019).

Daily mean temperature and DTR are statistically

unbiased in cross validation across the islands as a whole

(Table 2, Figs. 11, 12). DTR varies appropriately with

elevation and precipitation across Hawaii, with a maxi-

mum in DTR near the trade wind inversion in drier

areas (Giambelluca et al. 2013). The ensemble generally

reproduces these relationships (Fig. 12). DTR is also

important for energy balance modeling as it too is in-

cluded in downwelling radiation estimates as a second-

order effect. Low temperature extremes are statistically

unbiased in the ensemble while high temperature ex-

tremes have a slight positive bias (1K) as compared to

observations (section 5, Fig. 15). The behavior of the

ensemble to overestimate high temperature extremes

will need further study.

There are now several daily precipitation and

temperature datasets (and four climatological datasets)

available for Hawaii, and our companion paper exam-

ines the differences across the datasets (Newman et al.

2019). The key aspects of gridded products discussed

here—PoP, extreme events and temporal variability,

and DTR—are highlighted along with the primary

methodological choices that lead to interproduct dif-

ferences. These types of analyses are useful to un-

derstand where products differ for application purposes

(e.g., Henn et al. 2018) and more broadly for method-

ological improvements in gridded field generation.
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