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ABSTRACT: Atmospheric rivers (ARs) are responsible for up to 90% of major flood events along the U.S. West Coast.

The time scale of subseasonal forecasting (from 2 weeks to 1 month) is a critical lead time for proactive mitigation of flood

disasters. The NOAA Climate Testbed Subseasonal Experiment (SubX) is a research-to-operations project with almost

immediate availability of forecasts. It has produced a reforecast database that facilitates evaluation of flood forecasts at

these subseasonal lead times. Here, we examine the SubX-driven forecast skill of AR-related flooding out to 4-week lead

using the Distributed Hydrology Soil Vegetation Model (DHSVM), with particular attention to the role of antecedent soil

moisture (ASM), which modulates the relationship between meteorological and hydrological forecast skill. We study three

watersheds along a transect of the U.S. West Coast: the Chehalis River basin in Washington, the Russian River basin in

Northern California, and the Santa Margarita River basin in Southern California. We find that the SubX-driven flood

forecast skill drops quickly after week 1, during which there is relatively high deterministic forecast skill. We find some

probabilistic forecast skill relative to climatology as well as ensemble streamflow prediction (ESP) in week 2, but minimal

skill in weeks 3–4, especially for annual maximum floods, notwithstanding some probabilistic skill for smaller floods in week

3. Using ESP and reverse-ESP experiments to consider the relative influence of ASM and SubX reforecast skill, we find that

ASM dominates probabilistic forecast skill only for small flood events at week 1, while SubX reforecast skill dominates for

large flood events at all lead times.
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1. Introduction

The subseasonal forecasting time scale (from 2 weeks to

1 month lead) is a critical lead time window for proactive

disaster mitigation efforts such as reservoir operations for

flood control. However, past research on dynamical forecast

skill of flooding events has not focused on subseasonal lead

times until recently (e.g., Vitart et al. 2017). During the past

several years, a joint effort between the weather and climate

communities has been made to bridge the weather–climate

prediction gap at the Subseasonal-to-Seasonal (S2S) range

(Mariotti et al. 2018; Merryfield et al. 2020), which typically

is defined by lead times ranging from 2 weeks to 2 (or 3)

months, but in this study we only focus on lead times from 1 to

4 weeks. Several forecast databases have been developed, such

as the World Weather Research Programme (WWRP)/World

Climate Research Program (WCRP) S2S Prediction Project

(Vitart et al. 2017) and the NOAA/Climate Testbed Subseasonal

Experiment (SubX) project (Pegion et al. 2019). The former

consists of 11 models, while the latter consists of 7 models and

focuses on operational subseasonal forecasts. The two data-

bases have two models in common: the National Centers for

Environmental Prediction (NCEP) model and the Environment

and Canada Climate Change (ECCC) model. Both databases

have been increasingly used by the S2S research community

for a variety of applications (e.g., DeFlorio et al. 2019b; Gibson

et al. 2020).

Atmospheric rivers (ARs) are responsible for most of the

storm events leading to extreme precipitation and runoff along

the coastal western United States (e.g., Ralph et al. 2006, 2019;

Dettinger et al. 2011; Neiman et al. 2011; Barth et al. 2017;

Konrad and Dettinger 2017). Forecasts of opportunity, where

predictions of midlatitude extremes at S2S lead times over

North America are more skillful than normal, can be identi-

fied by examining subsets of predictions made during certain

active phases of large-scale climate variability, such as the

Madden–Julian oscillation (MJO) and El Niño–Southern
Oscillation (ENSO) (Mariotti et al. 2020; Merryfield et al.

2020). The effects of these mechanisms on AR forecast skill

have been demonstrated along the U.S. West Coast (e.g.,

Baggett et al. 2017; DeFlorio et al. 2018, 2019a,b; Mundhenk

et al. 2018; Nardi et al. 2018). For example, DeFlorio et al.

(2019b) evaluated the S2S hindcast skill of ARs out to 4-week

lead over the western United States using three models from

the WWRP/WCRP S2S database, including the European

Centre for Medium-Range Weather Forecasts (ECMWF)
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model, and the NCEP and ECCC models. They found that the

ECMWFandECCCmodels showed largermagnitude and spatial

extent of forecast skill at week 3 in comparison with NCEP, but

therewas generally very little skill at week 4 in all threemodels. In

addition, the active MJO phases showed stronger modulation of

hindcast skill than ENSO phases (DeFlorio et al. 2019b). To date,

however, an evaluation of the hindcast skill of subseasonal AR-

related flooding has not been made.

Several recent studies have evaluated hindcasts of precipi-

tation and their potential application in streamflow forecasts

from theWWRP/WCRP S2S database. For example, Lin et al.

(2018) examined the forecast skill of 11 S2Smodels for extreme

precipitation at a lead time of about 2 weeks for a 2017 flood

event in eastern Canada. They found that most of the models

predicted above-normal precipitation during the flood event

but most underestimated precipitation amounts in comparison

with observations, possibly due to the underestimation of the

amplitudes of the MJO teleconnections in boreal winter and

due to inherent biases in model climatology. Pan et al. (2019)

evaluated S2S precipitation prediction skill over the western

United States. They found that the best-performing models

had useful deterministic skill at week 2 but beyond that only

their probabilistic skill was useful. Li et al. (2019) evaluated the

deterministic skill of precipitation reforecasts of eight S2S

models and the S2S-driven streamflow forecasts using a hy-

drologic model in four basins in China, with drainage areas of

3300–52 000 km2. They found that the S2S models had pre-

cipitation prediction skill up to a lead time of 11 days. They also

found that bias-correcting streamflow as a postprocessing step

could substantially improve the deterministic skill for peak

flow prediction. Schick et al. (2019) used a regression method

to examine the application of the ECMWFoutput in predicting

monthly average streamflow in 16 European catchments. They

found that the prediction skill varied greatly among the predictor

combinations, catchments, and dates of prediction. The skill was

frequently lower than climatology at a lead time of 20 days.

All the above studies used the WWRP/WCRP S2S database

to evaluate the hindcast skill of several relevant variables for

water resource management applications. NOAA’s SubX dif-

fers from theWWRP/WCRP reforecasts by having a research-

to-operations focus, and hence includes operational as well as

research models and produces forecasts in near real-time

(Pegion et al. 2019). Here, we use NOAA’s SubX precipita-

tion and temperature subseasonal reforecasts given their almost

immediate availability, with specific attention to AR-related

storms and flooding along the coastal western United States.

Pegion et al. (2019) evaluated the skill of the week-3 averages

of the seven SubX models globally. They found greater skill in

temperature compared to precipitation forecasts at 3-week

lead time. Baker et al. (2019) found similar results in an eval-

uation of the skill of the NCEP Climate Forecast System ver-

sion 2 (CFSv2), one of the SubX models, over the contiguous

United States (CONUS) domain. Despite the fact that pre-

cipitation skill dropped quickly by weeks 2–3, the West Coast

showed the highest skill over the CONUS during the winter

months (Baker et al. 2019).

The forecast skill of meteorological variables (particularly

precipitation) is an important determinant of flood prediction

skill; however, antecedent hydrological conditions play an

important role as well (e.g., Mahanama et al. 2008). For in-

stance, low antecedent soil moisture (ASM) (as is often the

case along the Pacific Coast early in the winter season) has

been shown to be an offsetting factor for several extreme his-

torical AR events in California’s Russian River basin that

otherwise would have led to major flooding (Cao et al. 2019).

Ensemble streamflow prediction (ESP) (Day 1985) and

reverse-ESP (revESP) (Wood and Lettenmaier 2008) experi-

ments have been used in previous studies to examine the rel-

ative importance of initial hydrological conditions (denoted as

‘‘IHCs’’; primarily ASM in lowland coastal watersheds) and

climate forecast error as sources of streamflow forecast un-

certainty at seasonal time scales (e.g., Wood and Lettenmaier

2008; Li et al. 2009; Shukla and Lettenmaier 2011). In ESP, a

hydrologic model with assumed perfect IHCs is forced by an

ensemble of meteorological forcings resampled from past ob-

servations. In contrast in revESP, the model is forced with

assumed perfect meteorological forecasts with an ensemble of

resampled IHCs. Here we used the ESP/revESP method(s) to

partition the relative contributions ofASMandmeteorological

forecast skill to errors in flood forecasts at subseasonal

time scales.

In addition, ESP can be used as a baseline (and arguably is

more hydrologically relevant than climatology, often used for

evaluation of weather and climate forecasts) to assess the

performance of meteorological forecast-driven streamflow

forecasts (Wood et al. 2005; Li et al. 2009). For streamflow,

the ESP ensembles, unlike climatology from historical ob-

servations (which is equivalent to unconditional ESP), benefit

from knowledge of IHCs (Wood et al. 2005). For example,

Monhart et al. (2019) evaluated subseasonal forecasts from

ECMWF (after statistical downscaling) against the ESP ap-

proach in three alpine catchments with areas of 80–1700 km2.

They found that the ECMWF forecasts provided added value

in streamflow predictions relative to ESP especially at shorter

lead times.

Given this background, our motivating questions in this

study are:

1) What is the subseasonal forecast skill (at 1–4-week lead

times) of AR-related flooding driven by downscaled SubX

reforecasts in coastal western U.S. watersheds? Are SubX-

based flood forecasts more skillful than traditional ESP?

2) What are the relative influences of ASM and SubX refor-

ecast skill on subseasonal flood forecast skill for coastal

western U.S. watersheds?

To answer these questions, we first downscaled the SubX

reforecasts to a finer spatial resolution, given their coarse

native resolution of 18 3 18with respect to our study domain,

and the high spatial resolution of our hydrological model.

We then implemented the Distributed Hydrology Soil

Vegetation Model (DHSVM) (Wigmosta et al. 1994) in the

three basins and ran the model with the downscaled SubX

reforecast forcings. We evaluated both the deterministic and

probabilistic skill of SubX-based flood forecasts (all of the

‘‘forecasts’’ in this paper technically are reforecasts; i.e., not

real time). We also examined how the relative contribution of
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uncertainties in meteorological forcings and in ASM to errors

in streamflow reforecasts evolved with lead time by conducting

ESP/revESP experiments.

2. Study region

We focused on three watersheds that form a transect along

the U.S. Pacific Coast: the Chehalis River basin in Washington

State, the Russian River basin in Northern California, and

the Santa Margarita River basin in Southern California,

with drainage areas of 5400, 3850, and 1870 km2, respec-

tively (see Fig. 1). These are the same watersheds used in

our previous study (Cao et al. 2020), where we examined

future climate impacts on the role of ASM in AR-related

floods. There are systematic geographic variations in the

hydroclimatic conditions in coastal watersheds along the

transect within which these three watersheds lie (Cao et al.

2020). Moreover, their geographical locations reflect different

AR landfalling signatures. AR landfalls show a marked

seasonal progression from the Pacific Northwest in the

mid-to-late fall (when they are most frequent) to northern

California in early winter (Gershunov et al. 2017). All

three basins have moderate topographic variations with

elevation ranges of 0–1429, 0–1324, and 143–1736 m in the

Chehalis, Russian, and Santa Margarita River basins, re-

spectively. They are all rain-dominated basins, which

avoids the added complexity of the influence of snowmelt

on streamflow that more commonly occurs in mountainous

basins; only the Chehalis has modest contributions of

snowmelt to flood runoff. The precipitation in all three

basins is strongly winter dominant and varies interann-

ually, with ranges of 1560–2700 mm, 320–1580 mm, and

160–750 mm in the Chehalis, Russian, and Santa Margarita

River basins, respectively, during 1999–2016. The precip-

itation regime is more variable in the Santa Margarita

River than the other two basins (Gershunov et al. 2019).

FIG. 1. Map of study region including (a) the Chehalis River basin in Washington State,

(b) the Russian River basin in Northern California, and (c) the Santa Margarita River basin in

Southern California.
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During these years, 79%, 87%, and 83% of precipitation

fell between October and March, respectively.

3. Data and methods

a. SubX reforecasts

There are seven models in the SubX database, but one of

them (NRL-NESM) only has one member, and we there-

fore omitted it from this study. We used six models in total,

with five of them from the SubX database (available at the

IRI data library; http://iridl.ldeo.columbia.edu/SOURCES/

.Models/.SubX/), plus a sixth (NCEP-CFSv2) from another

source (https://www.ncdc.noaa.gov/data-access/model-data/

model-datasets/climate-forecast-system-version2-cfsv2) be-

cause some of the variables we needed had not been uploaded

to the IRI data library. Forecasts of all models are available in

real-time. There are 30 ensemble members in total for the six

models we used (see Table 1). The reforecasts (retrospective

forecasts) cover the period 1999–2016. We only used data

during winter months (October–March) when most precipi-

tation and AR-related flood events occur. The initialization

interval of themodels is at least once a week and the lead time

for each model is at least 32 days. The spatial resolution of the

SubX output is 18 3 18 and its temporal resolution is daily. We

downscaled the SubX output to 1/168 3 1/168 using the grid-

ded observation dataset of Livneh et al. (2013) [extended to

2018 as described in Su et al. (2021)] as the training dataset.

The wind speed data in the Livneh dataset is from interpo-

lated NCEP–NCAR Reanalysis (Kalnay et al. 1996).

1) DOWNSCALING METHOD

We used a statistical downscaling method, the bias cor-

rection and spatial downscaling (BCSD; Wood et al. 2004).

We implemented BCSD at a daily time scale [termed as

‘‘daily BCSD’’ following Abatzoglou and Brown (2012)].

Daily BCSD has been shown to be an effective approach for

removing bias (e.g., Monhart et al. 2018; Baker et al. 2019) in

atmospheric model output. We applied daily BCSD to pre-

cipitation, maximum daily temperature (Tmax), minimum

daily temperature (Tmin), and wind speed. Some analyses

have indicated that constructed analog-based techniques may

outperform daily BCSD in capturing the magnitude of ex-

tremes (e.g., Abatzoglou and Brown 2012). Therefore we also

implemented a constructed analog-based method, localized

constructed analogs (LOCA; Pierce et al. 2014), for the

downscaling of precipitation (arguably the most important

hydrologic forcing) of one SubX model in order to compare

these two methods. The procedures of this method can be

found in the online supplemental material (see Text S1). We

will only describe BCSD in detail here.

There are two primary steps in our implementation of daily

BCSD: 1) spatial (bilinear) interpolation of the 18 3 18 daily
SubX model output to 1/168 3 1/168; 2) bias correction of the

interpolated forecasts at each 1/168 grid cell using the quantile

mapping (QM)method (Wood et al. 2002). The training period

we used was 1999–2016. We applied both steps to each of the

six SubX models.

When applying the QM, we pooled the reforecast days and

observation days with similar climatology (see Fig. S1 for il-

lustration). In so doing, we wanted to preserve the forecast skill

with respect to lead times. Hence, we performed the QM in a

lead-time-dependent manner similar to Monhart et al. (2018)

in their bias correction of ECMWF model output. The general

steps in our processing included: 1) for a given forecast ini-

tialization date, we first found the initialization falling within a

15-day window centered on the given forecast initialization

date over the 18-yr reforecast period; 2) for each lead on the

given initialization date, we selected the reforecast days with

the same lead time from all ensemble members of the same

model; 3) we pooled the climatology (observations) based on a

15-day window centered on reforecast calendar days over

18 years; and 4) we replaced the reforecast value with a value

from the observation climatology with the same quantile based

on their empirical distributions (based on Weibull plotting

positions). Additionally, we examined the effect of populating

the sample distribution in the second step by pooling the fol-

lowing 7 days (denoted as ‘‘BCSD_7d’’) versus using 1 day only

(denoted as ‘‘BCSD_1d’’) (see Fig. S1).

When the percentile of a reforecast value was outside the

range of the empirical percentile of observations, we fit theo-

retical probability distributions to the data. Following Wood

et al. (2002), we used the Gumbel distribution for upper tails

and the Weibull distribution for lower tails for precipitation.

Similar to precipitation, we applied daily BCSD to Tmax,

Tmin, and wind speed. For temperature (Tmax and Tmin), we

used a normal distribution for the tails. For wind speed, we

used only the empirical distribution, limiting the tails to the

range of the empirical distribution.

TABLE 1. List of SubX models used in this study. Community column indicates SEAS for seasonal prediction community and NWP for

numerical weather prediction community.

Model

Ensemble

members

Initialization

interval (days)

Forecast

period (days) Community Reference(s)

ECCC-GEPS5 4 7 32 NWP Lin et al. (2016)

EMC-GEFS 11 7 35 NWP Zhou et al. (2016, 2017) and Zhu et al. (2018)

ESRL-FIMr1p1 4 7 32 NWP Sun et al. (2018a,b)

GMAO-GEOS_V2p1 4 5 45 SEAS Koster et al. (2000), Molod et al. (2012),

Reichle and Liu (2014), and Rienecker

et al. (2008)

RSMAS-CCSM4 3 7 45 SEAS Infanti and Kirtman (2016)

NCEP-CFSv2 4 1 45 SEAS Saha et al. (2014)
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2) EVALUATION OF SUBX PRECIPITATION AND

TEMPERATURE

We evaluated the precipitation and temperature before and

after bias correction. Following Pegion et al. (2019), we used

the anomaly correlation coefficient (ACC; Wilks 2006), which

was computed over time, to assess the SubX precipitation and

temperature skill. To obtain anomalies, the climatology was

calculated for each calendar day using three steps: 1) calculate

daily ensemble means for each model and each forecast run; 2)

calculate a multiyear average for each day of the year (1–366);

3) apply a smoothing window of615 days (Pegion et al. 2019).

The ACC was calculated between each model and corre-

sponding observations and averaged over weeks 1–4. We

estimated a critical correlation value of 0.23 for the ACC

in a single month and 0.19 for the ACC across all months

(October–March), exceeding which the ACC values are

statistically different from zero at the 5% significance level

using a two-sided t test based on the number of reforecasts

we examined (we selected reforecasts with initialization

dates closest to certain fixed dates in each month; see

section 3b). To evaluate the performance of downscaling

methods, we calculated relative biases for precipitation and

biases for temperature.

b. Model implementation

We implemented DHSVM in the three basins with essen-

tially the same model setup as in Cao et al. (2020). DHSVM

requires meteorological inputs including precipitation, wind

speed, air temperature, relative humidity, and downward solar

and longwave radiation. To run the model at an hourly time

step, we disaggregated the daily data to hourly using the

Mountain Microclimate Simulation Model (MTCLIM) algo-

rithms as described and implemented by Bohn et al. (2013) for

the last four variables. We took wind speed to be constant

throughout each day.

Following Cao et al. (2020), we disaggregated the gridded

daily precipitation in each basin to hourly using a regionalized

method of fragments (denoted as ‘‘MoF’’) algorithm (Westra

et al. 2012), which samples the hourly to daily precipitation

ratio from storms with similar magnitudes.We collected hourly

precipitation gauge data with at least 5-yr records during 1999–

2016 from multiple networks (see Cao et al. 2019) in our study

watersheds. There are 15, 42, and 28 hourly precipitation

gauges that met our criteria in the Chehalis, Russian, and Santa

Margarita basins, respectively (see gauge locations in Fig. 1).

We applied the same disaggregation approach to both Livneh

et al. (2013) data and, bias-corrected and downscaled SubX

reforecasts.

We ran DHSVM using the Livneh et al. (2013) forcings for

the period 1999–2016 as a control run. The initialization in-

terval for most SubXmodels is 7 days (see Fig. S1 for example),

but different models are initialized on different days. One

primary purpose of the control run is to provide IHCs for

forecast simulations using SubX forcings. A multimodel en-

semble is usually generated by averaging all forecasts from the

same start date, and has been termed a lagged average en-

semble (Vitart et al. 2017; Pegion et al. 2019). Following this

method, we output model states for fixed dates including the

7th, 14th, 21st, and 28th of each month. This results in 432 IHC

dates in total over 18 years. For each IHC date, we identified

the latest SubX model initialization date within the previous

week. For each SubX ensemble member and each identified

initialization, we ran DHSVM for 28 days (4-week forecast).

Given that the initialization interval of NCEP-CFSv2 is one

day, we examined how its forecast skill evolved with lead days.

c. Assessment of flood forecast skill

1) IDENTIFICATIONOFAR-RELATED EXTREME EVENTS

We used the peaks-over-threshold (POT) method (e.g., Lang

et al. 1999) to identify extreme discharge events as in Cao et al.

(2019, 2020). We first applied the event independence criteria

from USWRC (1982) to daily streamflow data in order to

identify independent discharge events.We set thresholds at each

stream gauge that resulted in 1, 2, and 3 extreme events per year

on average, which we denote as POTN1, POTN2 and POTN3.

We examined AR contributions to extreme events by

identifying the flood events that were coincident with AR

events. The AR date catalog we used is based on the ECMWF

interim reanalysis (ERA-Interim) dataset, from Guan and

Waliser (2015). We extracted the grid cells from the catalog

that intersected each basin and identified them as potential

AR-related floods.

2) EVALUATION METRICS

(i) Deterministic skill

We evaluated the deterministic skill of NCEP-CFSv2-based

flood forecasts because they are initialized every day as op-

posed to other SubX models that are initialized weekly and on

different days of the week. NCEP-CFSv2 based flood forecasts

hence facilitate examination of the variation in the flood

forecast skill with lead-time more precisely than would be

possible with the other SubX models. We used the Kling–

Gupta efficiency (KGE) (Gupta et al. 2009) as the evaluation

metric for POTN1, POTN2, and POTN3 extreme discharge

forecasts in each of the three basins. We calculated the KGE

between observed peak flows and forecasted peak flows for

reforecasts with initialization dates 1, 2, . . . , and 28 days prior

to the peak of each individual event among POT events (see

Fig. S2 for an illustration). Given that KGE does not include a

built-in benchmark (Gupta et al. 2009; Knoben et al. 2019), we

chose a benchmark KGE that was calculated based on mean

flow [or median, depending on whichever results in a higher

benchmark KGE following Knoben et al. (2020)] of the same

calendar day for a given POT date over 18 years excluding the

target year.

(ii) Probabilistic skill

We evaluated the probabilistic flood forecast skill of all six

SubX models with 30 ensemble members in total. We used

the evaluation metrics from DeFlorio et al. (2019b) where

they assessed the subseasonal forecast skill of ARs, including

1) debiased Brier skill score (BSS) (Weigel et al. 2007) and 2)

relative operating characteristic (ROC)-like (Hanley and

McNeil 1982) diagrams (DeFlorio et al. 2019b), which account
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for both hit rate and false alarm rate in a lead-dependent

manner. We discuss these two skill measures and our appli-

cation of them briefly below.

1) BSS

BSS is a measure of probabilistic skill relative to climatology

that is sensitive to small ensemble sizes. Following DeFlorio

et al. (2019b), we used debiased BSS, which adds a correction

term in the denominator of BSS to overcome the small en-

semble size issue. The debiased BSS is calculated as follows:

BSS 5 12
BS

BS
ref

1 D
, (1)

BS5
1

N
�
N

i51

(P
i
2O

i
)
2
, (2)

BS
ref

5
1

N
�
N

i51

(P
clim

2O
i
)2 , (3)

D5
1

M
P

clim
(12P

clim
) , (4)

where N is the number of reforecast samples during October–

March; Pi represents the forecast ability of a particular level of

discharge events, which is the fraction of ensemble members

that predict maximum discharge falling into a particular cate-

gory during a week-long lead period for a single reforecast

event; Oi is the binary representation of whether the observed

discharge fell into that category (1 if yes, 0 if no); M is the

ensemble size; and Pclim is the probability of the reference

climatology.

This metric can be sensitive to the choice of the reference

climatology (Bartholmes et al. 2009). Here, we focused on

POT extreme discharge events. For POTN1 events (with the

threshold set to one event per year on average), we set Pclim to

1/26, corresponding to one extreme event occurring over

6 months (i.e., 26 weeks). For POTN2 events (with the thresh-

old set to two events per year on average), we set Pclim to 2/26

(the interval of two independent peaks is greater than 1 week

based on the criteria), and so forth. BSS ranges from 2‘ to 1.

Values above 0 indicate that the reforecast skill is higher than

skill of reference climatological forecast.

Moreover, as mentioned previously, ESP is more suitable

than climatology as the baseline for the evaluation of forecast

skill because ESP leverages the knowledge of IHCs. Therefore,

we also report the difference in the SubX-based and ESP-

based BSS values (denoted as ‘‘DBSSSubX-ESP’’; see section 3d

for details of ESP). Besides, in order to examine whether all of

the hydrologic skill comes from the first 1–2weeks, we included

additional runs driven by the ensemble mean of NCEP-CFSv2

forecasts for the first 2 weeks followed by ESP for weeks 3–4

[denoted as ‘‘NCEP_ESP’’; similar to Shukla et al. (2012)].

We considered NCEP-CFSv2 to be a standard medium range

weather forecast since the NCEP forecast system in the SubX

dataset is the same as the Global Ensemble Forecast System

(GEFS) v11 with some upgrades (Guan et al. 2019). The

difference between the SubX-based and NCEP_ESP-based

BSS values is denoted as ‘‘DBSSSubX-NCEP_ESP.’’ Moreover,

previous studies evaluated the influence of limited number of

extreme events on BSS using bootstrapping (e.g., Addor et al.

2011; Liechti et al. 2013). Similarly, we estimated 90% confi-

dence intervals for DBSSSubX-ESP and DBSSSubX-NCEP_ESP based

on a 1000-sample bootstrapping procedure with replacement.

2) ROC-LIKE DIAGRAMS

A ROC-like diagram shows the ensemble mean, hit rates,

and false alarm rates for the prediction of a quantity of interest.

The hit rate is calculated as the number of hits divided by the

total number of hits1misses. The false alarm rate is calculated

as the number of false alarms divided by the total number of

false alarms 1 correct rejections. For each POT category and

each week of lead time, the terms comprising these rates are

defined as below:

Hit 5 a POT extreme discharge event is observed, and it is

forecasted.

Miss5 a POT extreme discharge event is observed, but it is

not forecasted.

False alarm5 a POT extreme discharge event is forecasted,

but it is not observed.

Correct rejection 5 a POT extreme discharge event is not

forecasted, and it is not observed.

d. ESP and revESP implementation

In our implementation of ESP, we used IHCs from section 3b.

ESP considers the IHCs to be ‘‘true’’ and the model is forced

with resampled gridded observations. For each IHC date, we

extracted the following 28 days of observed forcings for the same

calendar day over the 18 years of the reforecast period with the

target year excluded. We then forced the model with 17 en-

semble members starting from the IHC date for a period of

28 days.We compared the SubX-based forecasts withESP to see

which was more skillful.

Similarly, revESP samples IHCs from climatology to ini-

tialize the model, which is forced with true observations. For a

given forecast date, the revESP experiments sampled 17 IHCs

for the same calendar day over 18 years of the reforecast period

with the target year excluded to initialize themodel. Themodel

was then forced with the true (observed) forcings for a period

of 28 days.

4. Results

a. Evaluation of SubX reforecasts

1) PRECIPITATION AND TEMPERATURE SKILL

We examined the precipitation skill of the individual SubX

models, as well as the multimodel ensemble mean (denoted as

‘‘MME’’), at lead times of 1–4 weeks in each river basin (see

Fig. 2 and Table 2; week 4 refers to days 22–28). We also ex-

amined each month during the October–March period sepa-

rately. Figure 2 shows that precipitation skill (as measured by

ACC) drops quickly after week 1. In week 2, almost all models

have positive ACC in all months, but by week 3, some models

show negative ACC in certain months. Over all months

(October–March; see bottom panel in Fig. 2 and also Table 2),
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SubXmodels as well asMME only show statistically significant

skill in weeks 1–2. Among individual models, NCEP-CFSv2

performs best in weeks 1–2 in the three basins, with similar

skills to MME. However, the model performance at longer

lead times varies by lead time and basin. In weeks 3–4, GMAO-

GEOS_V2p1 generally shows better performance than other

models (although none of them are statistically significant)

across three basins.

We also examined temperature forecast skill. Figure 3

shows the results for Tmax (since the pattern for Tmin is

similar, it is shown in Fig. S3). Similar to precipitation, Tmax

skill drops quickly after week 1. However, there are fewer

negative ACC values for Tmax in weeks 3–4 in comparison

with precipitation. In general, Tmax generally has higher

skill than precipitation at all weeks. Over all months

(October–March; see bottom panel in Fig. 3 and also

Table 2), SubX models as well as MME generally show

statistically significant skill in all weeks. Across models,

NCEP-CFSv2 shows better performance in weeks 1–2 than

the other models across the three basins, while in weeks 3–4,

FIG. 2. Precipitation prediction skill [as measured by the anomaly correlation coefficient (ACC)] of SubX models averaged over each

basin and each week before bias correction. Different rows are for different months and the bottom row shows ACC values over all

months (October–March). The critical correlation shown by dashed lines (beyond which the ACC is statistically different from zero at the

5% significance level).
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EMC-GEFS generally shows better performance. Same was

found for Tmin.

2) PERFORMANCE OF DAILY BCSD

The difference in precipitation skill (as measured by ACC)

before and after applying the daily BCSD is very small. This

meets our expectation since the QM is performed in a lead-

time-dependent manner. Figures 4a and 4b shows the basin-

average relative bias (the bias is defined as model minus

observation) of precipitation forecasts before and after ap-

plying daily BCSD_7d in three basins, averaged over October–

March. Before applying daily BCSD, the absolute relative

biases were up to 25%, 37%, and 60% across models and over

weeks 1–4 in the three basins, respectively. They were reduced

to below 4%, 10%, and 15% (across models and over weeks

1–4) after applying BCSD_7d, and 5%, 11%, and 23% after

applying BCSD_1d. Also, the precipitation biases are more

spatially coherent after bias correction (see Figs. S4–S6). The

biases in temperature were also reduced from up to 2.78C to

below 0.58C (see Figs. 4c,d).

b. Hydrologic model evaluation

Weexaminedmodel performance of the control run, forced by

the Livneh et al. (2013) data after hourly disaggregation. We

evaluated streamflow time series at gauges across each basin

using KGE, normalized root-mean-square error (RMSE) and

relative bias (seeTable S1, Text S2, andFig. S7). TheKGEvalues

are greater than 0.65 at most gauge locations but are lower (0.45–

0.61) at certain gauges in the Russian and SantaMargarita basins

(see Table S1), although this mostly reflects errors in prediction

TABLE 2. Precipitation and temperature skill (as measured by the ACC) of SubX models and multimodel ensemble mean (MME)

during winter months (October–March). The ACC is averaged over each basin before bias correction. The maximum ACC value across

SubX models in each row is marked in bold font.

Variable Basin Week

ECCC-

GEPS5

EMC-

GEFS

ESRL-

FIMr1p1

GMAO-

GEOS_V2p1

RSMAS-

CCSM4

NCEP-

CFSv2 Min Max MME

Precipitation Chehalis 1 0.50 0.56 0.51 0.48 0.28 0.62 0.28 0.62 0.64

2 0.18 0.19 0.15 0.14 0.13 0.21 0.13 0.21 0.27

3 0.05 0.04 0.02 0.05 0.08 0.06 0.02 0.08 0.10

4 0.02 0.03 0.01 0.06 0.01 0.01 0.01 0.06 0.05

Russian 1 0.60 0.59 0.55 0.55 0.29 0.68 0.29 0.68 0.69

2 0.22 0.22 0.16 0.18 0.16 0.23 0.16 0.23 0.31

3 0.04 0.04 0.10 0.06 0.09 0.06 0.04 0.10 0.10

4 0.03 0.04 0.02 0.05 0.02 0.02 0.02 0.05 0.06

Santa Margarita 1 0.56 0.53 0.47 0.59 0.28 0.67 0.28 0.67 0.67

2 0.23 0.14 0.15 0.14 0.16 0.24 0.14 0.24 0.29

3 0.05 0.02 0.03 0.06 0.01 0.06 0.01 0.06 0.07

4 0.01 0.02 0.02 0.04 0.01 0.07 0.01 0.07 0.06

Tmax Chehalis 1 0.64 0.59 0.57 0.50 0.51 0.78 0.50 0.78 0.78

2 0.50 0.56 0.50 0.39 0.41 0.52 0.39 0.56 0.59

3 0.36 0.46 0.37 0.22 0.33 0.39 0.22 0.46 0.46

4 0.30 0.39 0.31 0.19 0.24 0.34 0.19 0.39 0.42

Russian 1 0.67 0.62 0.58 0.52 0.65 0.81 0.52 0.81 0.81

2 0.54 0.52 0.44 0.35 0.44 0.53 0.35 0.54 0.58

3 0.34 0.38 0.32 0.18 0.30 0.33 0.18 0.38 0.43

4 0.26 0.33 0.32 0.16 0.19 0.32 0.16 0.33 0.37

Santa Margarita 1 0.63 0.57 0.56 0.51 0.64 0.81 0.51 0.81 0.80

2 0.48 0.45 0.42 0.32 0.40 0.47 0.32 0.48 0.51

3 0.26 0.27 0.24 0.10 0.24 0.29 0.10 0.29 0.31

4 0.18 0.23 0.19 0.12 0.13 0.23 0.12 0.23 0.25

Tmin Chehalis 1 0.40 0.45 0.43 0.53 0.38 0.73 0.38 0.73 0.71

2 0.19 0.34 0.30 0.37 0.26 0.43 0.19 0.43 0.43

3 0.12 0.22 0.18 0.20 0.17 0.24 0.12 0.24 0.26

4 0.10 0.15 0.11 0.12 0.09 0.12 0.09 0.15 0.19

Russian 1 0.35 0.36 0.44 0.40 0.41 0.68 0.35 0.68 0.62

2 0.18 0.32 0.31 0.31 0.27 0.38 0.18 0.38 0.40

3 0.13 0.23 0.16 0.18 0.21 0.23 0.13 0.23 0.27

4 0.16 0.20 0.14 0.17 0.11 0.18 0.11 0.20 0.23

Santa Margarita 1 0.36 0.46 0.50 0.55 0.56 0.73 0.36 0.73 0.71

2 0.25 0.46 0.42 0.43 0.39 0.51 0.25 0.51 0.53

3 0.18 0.34 0.28 0.29 0.26 0.34 0.18 0.34 0.36

4 0.16 0.27 0.23 0.22 0.14 0.27 0.14 0.27 0.30
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of low flows. Given that this study focuses on peak flows, we

further examined model performance during extreme discharge

events given our interest in flood forecasting at the downstream-

most USGS stream gauge in each basin (see Fig. 1 for gauge

locations). Figure 5 compares simulated and observed peak flows

for POTN3 extreme discharge events during the SubX period.

The simulated peaks show reasonable matches with observed

peaks, with KGE values of 0.68, 0.89, and 0.86 at downstream-

most gauges in the Chehalis, Russian, and SantaMargarita River

basins, respectively. In Fig. 5, we also show events associatedwith

ARs. The percentages of POTN3 extreme discharge events that

were coincident with ARs during 1999–2016 are 52%, 74%, and

41% in each of the three respective basins. We can see that most

of the largest extreme discharge events were AR-related, espe-

cially in the Russian River basin. The AR-related percentage

increases as POT threshold increases.

c. Assessment of flood forecast skill

1) DETERMINISTIC SKILL

Figure 6 shows the deterministic forecast skill (KGE) of

the NCEP-CFSv2 model (based on the average of its four

FIG. 3. Maximum daily temperature (Tmax) prediction skill [as measured by the anomaly correlation coefficient (ACC)] of SubX

models averaged over each basin and each week before bias correction. Different rows are for different months and the bottom row shows

ACC values over all months (October–March). The critical correlation shown by dashed lines (beyond which the ACC is statistically

different from zero at the 5% significance level).
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ensemble members) as a function of lead time for POTN1,

POTN2 and POTN3 extreme discharge events (with thresh-

olds set to 1, 2, and 3 events per year on average). The KGE

drops quickly with lead time. For POTN1 events, KGE drops

below benchmarks (i.e., when the skill is no better than

climatology) after lead times of 14, 17, and 13 days in the

Chehalis, Russian, and Santa Margarita River basins, re-

spectively. For POTN2 (POTN3) events, KGE drops below

benchmarks after lead times of 19, 18, and 8 days (24, 22, and

8 days) in the three respective basins, several days longer

FIG. 4. Precipitation bias of SubX models averaged over each basin and over October–March (a) before and (b) after bias correction.

(c),(d) As in (a) and (b), but for maximum daily temperature (Tmax). The bias is defined as model minus observation.

FIG. 5. Evaluation of hydrologic model performance: simulated vs observed daily peak flow of POTN3 extreme discharge events (with

threshold set to 3 events per year on average) during the period of 1999–2016. The events associated with ARs are marked by circles filled

with red color.
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than POTN1 events in the Chehalis and Russian River basins.

Figure 6 also shows the difference in the skill ofAR-related and

non-AR-related POTN3 events. The lead time when there is

skill for the AR-related events is generally shorter than the

non-AR-related ones, except in theRussianRiver basin. This is

possibly due to the relatively small sample size of non-AR-related

POTN3 events (14 out of 54 events) in this basin.

2) PROBABILISTIC SKILL

Figure 7a shows the SubX-based BSS values (denoted as

‘‘BSSSubX’’) for week 1–4 lead time for POTN1 and POTN3

extreme discharge events (denoted as ‘‘BSSPOTN1’’ and

‘‘BSSPOTN3,’’ respectively) in the three basins. The BSSPOTN1

drops quickly after week 1 and is close to 0 after week 2 in the

three basins. The BSS values are 0.40, 0.07, 0.03, and 0.04 for

weeks 1–4 in the Chehalis River basin, 0.39, 0.10, 0.04, and

0.01 in the Russian River basin, and 0.40, 0.17, 0.06, and 0.06

in the Santa Margarita River basin. When we lower the

threshold to POTN3, BSSPOTN3 generally increases in all

weeks, which may be partly due to the increasing influence of

ASM as opposed to SubX model skill, as the role of ASM

increases for smaller events (as discussed in the following

sections). Figure 7a also shows the 90% confidence interval of

differences between BSSPOTN1 and BSSPOTN3 (denoted as

‘‘DBSSPOTN3-POTN1’’) derived by bootstrapping. BSS is gen-

erally higher for small events than for large events.

Figure 7b shows the difference between the BSSSubX and

the ESP-based BSS values (DBSSSubX-ESP) as well as the

NCEP_ESP-based values (DBSSSubX-NCEP_ESP) for POTN1

events. The median of DBSSSubX-ESP generally decreases with

lead time. The DBSSSubX-ESP is generally statistically different

from zero in weeks 1–2 across the three basins, which indicates

that SubX is more skillful than ESP, while in weeks 3–4, both

DBSSSubX-ESP and DBSSSubX-NCEP_ESP are not statistically

different from zero. When we lower the threshold to POTN3,

theDBSSSubX-ESP is statistically different from zero in weeks 1–

3 across the three basins. So is the DBSSSubX-NCEP_ESP in week

3, indicating that the skill (for POTN3 events) does not all come

from the improvement in the first 2 weeks.

We examined the hit rate and false alarm rate in ROC-

Like diagrams (see Fig. 8a). For POTN1 events, the hit rate

drops quickly from week 1 to week 2 in all three basins and

the false alarm rate slightly increases. After week 2, the

positive skill is low. As the threshold is lowered to POTN2

and to POTN3, the hit rate increases, but the false alarm rate

also increases. Across basins, the hit rate in the Santa

Margarita River basin is higher after week 1 in comparison

with the other two basins, but its false alarm rate is also

higher, reflecting the larger natural variability (and hence

forecast uncertainty) in this basin.

3) INFLUENCING FACTORS IN FLOOD FORECAST SKILL

We examined factors, including ASM, ARs, and storm

precipitation, that might affect flood forecast skill. We sepa-

rated all POT events shown in Fig. 8a based on each factor. The

three pairs for comparison are 1) events with wet ASM versus

events with dry ASM, separated by median values; 2) AR-

related events versus non AR-related events; 3) events with

large storm precipitation versus events with small storm pre-

cipitation, separated by median values (see Figs. 8b–d; see also

Table S2 for the number of events in each category).

Figure 8b shows that forecast skill is generally higher

when ASM is wet than dry for all weeks and across all basins,

except for weeks 3–4 in the Russian River basin. However,

the difference between the two groups decreases as the POT

threshold increases and lead time increases. Also, forecast skill

FIG. 6. (a)–(c) The deterministic flood forecast skill [in Kling–Gupta efficiency (KGE)] of the NCEP-CFSv2 model vs lead time. (top)

The skill for POTN1, POTN2, and POTN3 extreme discharge events (with threshold set to 1, 2, and 3 events per year on average); (bottom)

the skill for AR-related and non-AR-related POTN3 events. Horizontal dashed lines show benchmark KGE values and vertical dashed

lines indicate lead times when the forecast skill drops below them. In the lower panel of (c), the benchmark KGE of non-AR-related

events is below 21.0 and hence no dashed orange line is shown.
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is generally higher for the non-AR-related events than for AR-

related ones (see Fig. 8c). If we consider the POTN3 events, which

have a larger sample size (and hence smallermagnitudes) than the

other two POT categories, this tendency (higher skill for non-AR

events) is stronger in weeks 1–2 in the Chehalis andRussianRiver

basins, and for all lead times in the Santa Margarita River basin.

Events associated with ARs generally have higher storm precip-

itation than non-ARevents, so this resultmaywell be reflective of

the fact that forecast skill is higher for less extreme events (be-

cause the role of ASM is greater). The pattern for the skill of

events separated by storm precipitation is similar to ARs versus

non-ARs (see Fig. 8d). The forecast skill of extreme discharge

events is higher when storm precipitation is small. Despite the fact

that AR versus non-AR, and groups separated storm precipi-

tation amounts show similar differences (higher forecast skill

for smaller events), they are not as distinct as the effects of

ASM, especially at shorter lead times and for lower POT

thresholds, as shown in section 4d (and section 5) below.

d. Relative influence of SubX reforecast skill and ASM

To further examine the relative influence of SubX reforecast

skill andASMon streamflow forecast skill and how it evolves with

lead times, we conducted ESP/revESP experiments. Streamflow

forecast errors and lead times forESPand revESPexperiments are

shown in Fig. 9. The RMSE for ESP generally increases with lead

time, while the RMSE for revESP generally decreases with lead

times in all three basins, but both with large variations in the Santa

Margarita River basin. The RMSE for revESP is larger than that

for ESP in the first few days (with longer time when using median

values instead of mean values; see Fig. S8), indicating that ASM

dominates the streamflow forecast skill at shorter lead times. The

periodic cycles in Fig. 9 are an overlaying effect of all reforecasts.

We also compared ESP with SubX-based forecasts. The

RMSE for SubX is lower thanESP over all lead times in all three

basins, with a few exceptions in the SantaMargaritaRiver basin.

This indicates that SubX forecasts are more skillful than ESP. In

addition, we compared the effect of populating the sample dis-

tribution for QM in daily BCSD by pooling the following 7 days

of amodel day versus using 1 day only.We found that theRMSE

of BCSD_7d was slightly lower than that of BCSD_1d, with

greater difference at longer lead times.

We further examined the RMSE ratios to evaluate the relative

contributions of ASM and SubX reforecast skill to streamflow

forecast skill. Figure 10 shows the ratios bymonth. TheESP-based

ratio is generally higher than the SubX-based ratio, but the dif-

ference becomes smaller with lead time. If the RMSE ratio is less

than one, we infer that ASM dominates the streamflow forecast

skill and vice versa. The lead time when the SubX-based RMSE

ratio exceeds one generally decreases from October to March in

the Chehalis and Russian River basins, suggesting that ASM

dominates the streamflow forecast skill in fall months, but that the

effect is reduced through thewinter. This is consistentwith the fact

that early fall soil moisture is dominated by the prolonged pre-

ceding summer dry period. There is no clear pattern in the Santa

Margarita River basin for the lead time when RMSE ratios ex-

ceed one across months, possibly due to its larger relative vari-

ability of streamflow in comparison with the other two basins and

hence larger estimation difficulties. Overall, the SubX forecast

FIG. 7. (a) SubX-based Brier skill score (BSS; denoted as ‘‘BSSSubX’’ and shown as square symbols) over weeks 1–4 lead time for POTN1

(denoted as ‘‘BSSPOTN1’’) and POTN3 (denoted as ‘‘BSSPOTN3’’) extreme discharge events (with threshold set to 1 and 3 events per year on

average). The boxplot shows a 90% confidence interval of their differences (denoted as ‘‘DBSSPOTN3-POTN1’’) derived by bootstrapping.

The case when there is no overlapping with zero indicates that the difference is significant. (b) Difference between the BSSSubX and the

ESP-based BSS (denoted as ‘‘DBSSSubX-ESP’’), and difference between the BSSSubX and the NCEP_ESP (i.e., the NCEP is used for weeks

1–2 and ESP for weeks 3–4) based BSS (denoted as ‘‘DBSSSubX-NCEP_ESP’’) for POTN1 events. (c) As in (b), but for POTN3 events.
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skill starts to dominate streamflow forecast skill after no longer

than lead 9 days.

5. Discussion

In section 4d we examined the relative influence ofASM and

SubX reforecasts to streamflow (deterministic) forecast skill

using RMSE and RMSE ratios following previous studies (e.g.,

Wood and Lettenmaier 2008; Li et al. 2009; Shukla and

Lettenmaier 2011). For the largest (i.e., POTN1) peak dis-

charge events, we showed in section 4c(1) that there was only

marginal forecast skill relative to climatology for lead times

greater than about 2 weeks. We further examine here the rel-

ative influence of ASM and SubX reforecast skill on flood

FIG. 8. ROC-like diagrams (ensemblemean hit rate vs false alarm rate) of POTN1, POTN2, and POTN3 extreme discharge events in three

basins, for (a) all events; (b) events with wet antecedent soil moisture (ASM) vs events with dryASM, separated bymedian values; (c)AR-

related events vs nonAR-related ones; and (d) events with large storm precipitation vs events with small storm precipitation, separated by

median values. The shapes of symbols indicate different weeks.

FIG. 9. RMSE of streamflow forecasts for ESP, revESP, and SubX-based forecasts.
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probabilistic forecast skill using BSS as the evaluation metric

(as in Fig. 7). We compared the BSSSubX and revESP-based

BSS (denoted as ‘‘BSSrevESP’’) (see Fig. 11). Similar to the

RMSE ratios, in each week, if BSSSubX # BSSrevESP, we con-

sider that the SubX forecast skill dominates the flood proba-

bilistic forecast skill and vice versa. We can see that the

BSSSubX is smaller than BSSrevESP in all weeks except for the

POTN2 and POTN3 events in the Chehalis River basin in week

1, POTN3 events in the Russian River basin in week 1, and

POTN2 and POTN3 events in the Santa Margarita River basin

in week 1, indicating that for most large flood events (i.e.,

POTN1) in the three basins, the SubX reforecast skill domi-

nates the flood probabilistic forecast skill in all weeks.

In previous sections, we evaluated the flood forecast skill using

BSS values and hit-miss rates for flood events that occurred.

However, another important aspect of forecasting is skill in pre-

dicting when an AR-driven flood will not occur, which could

permit water managers to alter their operations. Hence, we ex-

amined the hit-miss rates for times when an extreme precipitation

event occurs, but an extremedischarge event does not (denoted as

‘‘POTNP\POTND’’ events; see Fig. S9a). The skill in forecasting no

flood occurrences is generally higher for large than small events, a

pattern that is most clear in the Santa Margarita River basin. In

comparison with Fig. 8a which shows flood events that occurred,

we can see that the skill in forecasting floodoccurrences (versus no

occurrences) is higher for small than large events. We also ex-

amined the impact of wet/dry ASM conditions (see Fig. S9b).

For no-flood-occurrence events, when ASM is dry, the fore-

cast skill is generally higher than when ASM is wet.

We also compared the performance of daily BCSD and

LOCA for the downscaling of precipitation of one SubX

model, the ECCC-GEPS5. Figure S10a shows the precipitation

skill (as measured by ACC) before and after applying daily

BCSD and LOCA, the difference of which is very small.

Figure S10b shows the basin-average relative bias of precipi-

tation. The difference in the effect of removing precipitation

bias (in the examination on a weekly basis) between BCSD_7d

and LOCA_7d, or BCSD_1d and LOCA_1d, is generally

smaller than the difference between BCSD_7d and BCSD_1d,

or LOCA_7d and LOCA_1d. However, the difference in BSS

values is larger between two methods than choices in the

pooling of days (i.e., 7 days versus 1 day; see Fig. S11), possibly

because the measures of precipitation bias removal do not

consider precipitation intermittency and intensity. The LOCA

method showed potential benefit under some circumstances.

The LOCA method differs from daily BCSD in that it con-

siders the relationship between local precipitation and large-

scale precipitation patterns (see Text S1 for details). LOCA

FIG. 10. Variation of RMSE ratios (RMSEESP/RMSErevESP and RMSESubX/RMSErevESP) with lead time in three river basins in each

month from October to March. The lead time when RMSESubX/RMSErevESP exceeds one is marked by a vertical gray line.

1548 JOURNAL OF HYDROMETEOROLOGY VOLUME 22

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 08/13/24 07:16 PM UTC



has been shown to produce good estimates of extreme and

zero-precipitation days when applied to global climate model

(GCM) output (Pierce et al. 2014). Here we tested it for sub-

seasonal forecasts, whose performance may be influenced by

the lead-dependent forecast skill. Given that the computa-

tional time and effort of LOCA are several times higher than

BCSD, we reported the flood forecast skill only for BCSD

here, but we intend to investigate the performance of LOCA

for downscaling of subseasonal forecasts in our future work.

Our results for precipitation and temperature skill are consistent

with Pegion et al. (2019) regarding intermodel comparisons. For

precipitation skill in weeks 3–4, we showed that GMAO-GEOS

generally performed better than other models (although none of

themodels are statistically significant at these lead times) across the

three basins. This is consistent with Pegion et al. (2019) in who

showed that the GMAO-GEOS is most skillful among the SubX

models in the simulation and prediction of MJO (which strongly

modulates the hindcast skill of ARs and AR-related precipitation)

at weeks 3–4. We also showed that the SubX precipitation had

no statistically significant skill at weeks 3–4 in this region. For

temperature skill in weeks 3–4, we showed that EMC-GEFS

performed best, which was also found by Pegion et al. (2019).

More importantly, our study focused on the evaluation of the

hindcast skill of AR-related flood events. BecauseWWRP/WCRP

S2S and SubX databases have two models in common, the

NCEP and the ECCCmodels, we can infer the performance of

SubX models compared to others in the WWRP/WCRP S2S

(e.g., ECMWF). We showed that the NCEP-CFSv2 model

(with initialization at a daily interval) had only marginal de-

terministic flood forecast skill relative to climatology beyond

around 2 weeks lead time in each of the three basins. This is

generally consistent with Pan et al. (2019) who examined the

WWRP/WCRP S2S precipitation skill over the westernUnited

States. They found that the models have little deterministic

precipitation skill beyond 2 weeks. For weeks 1–2, models with

higher resolution tend to have better deterministic skill (e.g.,

ECCC and ECMWF). The generally better performance of

NCEP relative to the other SubX models including ECCC in

our study could be partly due to the fact that we used fixed

dates each month (see sections 3a and 3b) in our evaluation,

which may favor models with finer initialization intervals like

NCEP. Pan et al. (2019) also showed that despite the lack of

deterministic skill at weeks 3–4 for all models, ECMWF still

shows an advantage over the other hindcast systems. In our

future work, we will consider the examination of the ECMWF

model for flood forecasting. The ongoing development of

subseasonal forecast databases such as the NOAA’s SubX and

theWWRP/WCRP S2S could lead to substantial improvement

on subseasonal flood forecast skill, especially with studies on

ARs along the U.S. West Coast (e.g., Baggett et al. 2017;

DeFlorio et al. 2019a,b; Mundhenk et al. 2018; Nardi et al.

2018), which would better inform reservoir operation plans

with forecasts at weeks 3–4. In addition, hybrid statistical–

dynamical prediction systems for streamflow have the poten-

tial to outperform the dynamical ensembles by themselves, and

could be designed and evaluated in future studies.

In terms of real-time forecasts, SubX as well as the

WWRP/WCRP S2S project provides a testbed for research

and a foundation for operational use (Pegion et al. 2019). The

reforecast datasets have implications for operational forecasting

by providing the basis for postprocessing methods (e.g., bias cor-

rection and calibration techniques) that provide adjustments to

real-time predictions. Primary factors that impact forecast quality

and ability to evaluate the performance of the hindcast in a

forecast system configuration include hindcast period, ensemble

size and ensemble strategy (e.g., initial times) (Merryfield et al.

2020). However, there are tradeoffs in the system configuration

due to practical constraints. A few SubX models use more en-

semble members in real-time forecasts than in reforecasts, which

may enhance their real-time forecast skill. The planned second

phase of the SubX project will adopt a more strict protocol to

align forecast initialization dates for different models, which will

produce a longer reforecast period and include a larger ensemble

(Pegion et al. 2019). These improvements should benefit real-time

operations as well. Our planned future work will continue to

investigate applications of real-time subseasonal forecasts to

flood prediction, likely using the second phase of SubX.

6. Conclusions

We examined the performance of SubX-driven forecasts of

AR-related flooding in threewatersheds along the coastal western

FIG. 11. SubX-based Brier skill score (denoted as ‘‘BSSSubX’’) and revESP-based BSS (denoted as ‘‘BSSrevESP’’). If BSSrevESP $

BSSSubX, themarker of former is shown as a hollow symbol while the latter is shown as a solid symbol, which indicates the SubXdominates

the forecast skill, and vice versa.

JUNE 2021 CAO ET AL . 1549

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 08/13/24 07:16 PM UTC



United States with leads from 1 to 4 weeks. We first evaluated

SubX reforecasts of precipitation and temperature. After the

statistical downscaling and bias correction of the forcings, we ran

the DHSVM hydrologic model in each of the three basins, with a

focus on reforecasting peak-over-threshold (POT) extreme dis-

charge events in the period 1999–2016. We then evaluated both

the deterministic and probabilistic skill of SubX-based flood

forecasts.We further evaluated the relative influence ofASMand

SubX reforecast skill to flood forecast skill using ESP and revESP

experiments. Based on our analysis, we find the following:

1) SubX precipitation and temperature skill
d Over all months (October–March), SubX precipitation

forecast skill (as measured by anomaly correlation coef-

ficient) drops quickly after week 1 lead, but still has us-

able skill at week 2, while at week 3–4, models show

minimal skill (with positive ACC but not statistically

different from zero). Generally, there is higher skill in

temperature than precipitation forecasts, with all models

showing usable skill through lead 4 weeks.
d Across models, NCEP-CFSv2 performed best for both pre-

cipitation and temperature in weeks 1–2, with performance

that is comparable with MME, while in weeks 3–4 EMC-

GEFS performs best for temperature across the three basins.

2) SubX-based flood forecast skill
d The deterministic forecast skill of NCEP-CFSv2 drops

quickly with lead time, with little skill by lead days 14, 17,

and 13 in the Chehalis, Russian, and Santa Margarita

River basins, respectively, for the largest (POTN1) events,

and several days longer for small events (i.e., lower POT

thresholds) in the first two basins.
d SubX-based probabilistic forecast skill for extreme dis-

charge events drops quickly after week 1, with minimal

forecast skill by week 3 for the largest (POTN1) events.

Forecast skill is slightly higher for small events (i.e., lower

POT thresholds), with minimal forecast skill by week 4.

3) Role of ASM in flood forecast
d Comparing the influencing factors in flood forecast skill,

SubX-based probabilistic flood forecast skill is generally

lower for AR storms than for non-AR storms due to the

generally larger magnitude of AR storms. However,

forecast skill is influenced more strongly by ASM than by

storm magnitude with lower skill when ASM is low, es-

pecially at shorter lead times and with lower POT

thresholds (i.e., forecast skill is diminished less by ASM

for large as contrasted with small storms).
d In terms of the relative influence of ASM and SubX

reforecast skill, ASM dominates streamflow deterministic

forecast skill at leads up to 9 days with the maximum lead

length occurring in October (following generally dry sum-

mers). ASM dominates flood probabilistic forecast skill only

for small flood events in the three basins at week 1. For most

largefloodevents in the threebasins, theSubXreforecast skill

dominates the flood probabilistic forecast skill at all weeks.
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