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Abstract A novel contiguous United States (CONUS) wide evaluation of reference evapotranspiration (ET0; a
formulation of evaporative demand) anomalies is performed using the Climate Forecast System version 2
(CFSv2) reforecast data for 1982–2009. This evaluation was motivated by recent research showing ET0
anomalies can accurately represent drought through exploitation of the complementary relationship between
actual evapotranspiration and ET0. Moderate forecast skill of ET0 was found up to leads of 5months and was
consistently better than precipitation skill over most of CONUS. Forecasts of ET0 during drought events revealed
high categorical skill for notable warm-season droughts of 1988 and 1999 in the central and northeast CONUS,
with precipitation skill being much lower or absent. Increased ET0 skill was found in several climate regions
when CFSv2 forecasts were initialized during moderate-to-strong El Niño–Southern Oscillation events. Our
findings suggest that ET0 anomaly forecasts can improve and complement existing seasonal drought forecasts.

1. Introduction

A growing literature indicates that current dynamical seasonal precipitation (Prcp) forecasts contain limited
skill past a 1month lead time [e.g., Lavers et al., 2009; Yuan et al., 2011; Yuan et al., 2013; Saha et al., 2014;
Wood et al., 2015]. Therefore, incorporating new drought-related variables with higher skill could add value
and confidence to operational seasonal drought forecasts. Our understanding of drought dynamics and
variability has evolved substantially over the last decade as evapotranspiration (ET) and physically based
evaporative demand (reference ET (ET0)) [Allen et al., 2005] has been shown to couple the land surface and
atmosphere and so can be used in drought indicators [e.g., Yao et al., 2010; Anderson et al., 2011; Mu et al.,
2013; Otkin et al., 2013; Shukla et al., 2015; McEvoy, 2015]. Anomalously high ET0 is one of the contributing
factors to intensification of extreme drought events, such as the 2012 to the present California drought
[Shukla et al., 2015; Williams et al., 2015].

Research on seasonal ET0 forecasts are limited to Tian et al. [2014], who evaluated bias-corrected maximum
and minimum temperature (Tmax and Tmin, respectively), wind speed (Uz), downwelling shortwave radiation
(Rd), and ET0 over the southeast contiguous United States (CONUS). Tian et al. [2014] found Climate Forecast
System version 2 (CFSv2) [Saha et al., 2014] ET0 forecasts to have moderate skill during the cold season with
the greatest skill when forecasts were initialized during El Niño–Southern Oscillation (ENSO) events (El Niño
or La Niña conditions existed) and no skill during the warm season due to the inability of CFSv2 to fully
resolve summer convection. An extensive CONUS wide skill analysis of CFSv2 ET0, its drivers, and seasonal
drought forecasting is absent from the literature and is the focus of this letter.

As an example of Prcp and ET0 anomalies during drought, Figure 1 illustrates ET0 (Figure 1a) and Prcp
(Figure 1b) anomaly percentiles (with respect to a base period of 1982–2009) using gridded METDATA
[Abatzoglou, 2011], for AMJ of 2002 period, one of the most severe droughts in the recorded history of the
southwest [e.g., Weiss et al., 2009 and references therein]. Both ET0 and Prcp anomalies identify similar
magnitude and spatial patterns of wet (northwest MT and the Great Lakes) and dry regions (the southwest
and the mid-Atlantic coast) and clearly demonstrate that ET0 can successfully identify drought patterns
(further comparison presented in Figure S1 in the supporting information). This occurs through (1) regional
atmospheric dynamics that increase surface irradiance (through decreased cloudiness) and the vapor
pressure deficit (through increased air temperature (Tair) and decreased humidity) and (2) local land
surface-atmosphere feedbacks that lead to a complementary relationship between ET0 and actual ET (a proxy
for Prcp) under water limitations [Hobbins and Huntington, 2016;McEvoy, 2015]. In this letter, anomalies in ET0
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derived from CFSv2 reforecasts
(CFSRF) are evaluated over CONUS
against METDATA in order to deter-
mine (1) if forecasts of ET0 anomalies
and its driving variables are skillful
and in what regions and (2) if ET0
anomalies can be forecast with
greater skill than Prcp anomalies
during droughts.

2. Data and Methodology

Nine-month continuous reforecasts
from CFSv2 were obtained from
NCEP, covering the retrospective
period of 1982–2009. A detailed
description of CFSRF can be found in
Saha et al. [2014], and several other
papers have presented CFSRF data
distribution format [e.g., Yuan et al.,
2011; Dirmeyer, 2013]. Monthly
ensembles (mean of forecasts initia-
lized within the samemonth and year
only) were created from CFSRF leads
of 1–9months, resulting in a range
of 20 to 28 ensemble members per
month (Table S1). This allows us to
identify the impact of initialization
month on forecast skill. To evaluate
CFSRF skill, we use METDATA for
1982–2009. METDATA is a bias-
corrected and spatially disaggregated
(from 12 km to 4 km) product that
combines the Parameter Regression
on Independent Slopes Model [Daly
et al., 1994] with the North American
Land Data Assimilation System
version 2 [Mitchell et al., 2004]. To
test the sensitivity of observations
to forecast skill, two other gridded
data sets were also considered—the
Climate Forecast System Reanalysis

and the Modern Era Retrospective-analysis for Research and Applications—but differences in results as
compared to using METDATA were negligible (not shown). To match the CFSRF spatial resolution, METDATA
was averaged from daily to monthly values and resampled from 4 km to 1° using a bilinear interpolation.
The following monthly variables were evaluated at 1° spatial resolution: Prcp, Tmax (at 2m), Tmin (at 2m),
q (at 2m), Uz (at 10m), and Rd.

Following recommendations of Allen et al. [2005, equation 1], ET0 was computed with the American Society of
Civil Engineers Standardized Penman-Monteith equation using monthly METDATA and CFSRF. A priori, it is
generally assumed that if the necessary data are available, ET0 should be used over a Tair- and/or radiation-
basedmethod [Hobbins et al., 2008; Allen et al., 2005]. Hobbins [2016] demonstrated that the dominant drivers
of ET0 vary across CONUS depending on factors such as aggregation period (monthly versus annual) and
season, and Tair is not always the dominant driver.

Figure 1. Accumulated (a) ET0 and (b) Prcp anomaly percentiles fromMETDATA
for AMJ 2002. Note that upper ET0 and lower Prcp percentiles indicate drought
(brown shading). (c) NCDC climate regions (described in section 2) on the
CFSRF 1° grid used as area averaging domains for section 3 results. Regions are
named as follows: northwest (NW), west (We), southwest (SW), west north
central (WNC), south (So), east north central (ENC), central (Ce), southeast (SE),
and northeast (NE).
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The CONUS wide skill analysis of ET0 and its drivers was carried out and summarized over area-averaging
domains using the nine National Climatic Data Center (NCDC) climate regions (Figure 1c) [Karl and Koss,
1984]. Monthly and seasonal METDATA ET0 anomalies were computed relative to the 1982–2009 monthly
and seasonal climatology. Following the recommendation of Kumar et al. [2014], monthly CFSRF ET0
anomalies were calculated relative to the CFSRF monthly climatology (1982–2009) from the corresponding
initialization month and lead time. Season one forecasts are defined as the accumulated anomaly over the
first 3months after the initialization month (e.g., season one January–March (JFM) forecasts are initialized
in December and represent the accumulated anomaly over JFM).

To assess skill of CFSRF, temporal anomaly correlations (AC) [Miyakoda et al., 1972, equation 11] between CFSRF
ensemble mean ET0 and METDATA ET0 were computed at monthly 1–9month leads, and the season one fore-
casts (skill of ET0 drivers is provided in the supporting information). ACs were computed for each grid point
through time and then spatially averaged over each climate region. Skill during individual drought events
was assessed based on the probability forecasts using the categorical Heidke skill score (HSS) [O’Lenic et al.,
2008; Peng et al., 2013] (see supporting information for details). Drought events were defined based on
METDATA when seasonal anomalies indicated that at least 50% of the regional area is above the eightieth
percentile for ET0 and below the twentieth percentile for Prcp (though not necessarily identical grid points).

Figure 2. (f–j and p–t) Average ET0 and (a–e and k–o) Prcp anomaly correlation (AC) betweenMETDATA and CFSRF over each region (refer to Figure 1c for full region
names and locations). Labels on the x axis indicate lead time (months) and labels on the y axis indicate the month for which the forecast is made. White boxes
indicate AC< 0.3, which corresponds to p> 0.06 using a one-tailed probability.
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This excludes events where ET0 and Prcp show contrasting drought signals. Percentile thresholds were chosen
based on the U.S. Drought Monitor classification scheme for moderate drought. For each drought event a
spatial HSS was calculated using all grid points for each climate region.

3. Results
3.1. Deterministic Skill

Figure 2 shows spatially averaged monthly AC for ET0 (Figures 2f–2j and 2p–2t) and Prcp (Figures 2a–2e
and 2k–2o) over CONUS and its constituent NCDC climate regions. The National Oceanic and
Atmospheric Administration’s (NOAA) CPC currently uses an AC value of 0.3 as the threshold for a skill mask
(AC< 0.3 being considered to have no skill) in the real time CFSv2 forecasts. Maximum ET0 AC for each
region ranged from 0.41 (southeast; Figure 2t) to 0.66 (west; Figure 2q). Moderate skill (AC = 0.3 to 0.6) in
ET0 was maintained for important late winter and early growing season months of January through May
for the southwest, south, and west at 1–5month lead times (Figures 2r, 2s, and 2q, respectively) and for
important late growing season and harvest period months of July through September for the east north
central, central, and northeast at 1–3months (Figures 2h, 2i, and 2j, respectively). For these same regions,
months, and lead time ranges, consistent Prcp skill was absent. The west, southwest, and south regions all
show a similar pattern of a sharp decline in ET0 skill for target months of July through December. For Prcp
skill a similar yet less congruent and weaker skill pattern is evident over the west and southwest regions,
where enhanced Prcp predictability stems from initial conditions of ENSO region sea surface temperatures
(SSTs) [e.g.,Wood et al., 2005; Yuan et al., 2013]. This suggests that ET0 predictability in these regionsmay also be
related to SST initial conditions from the ENSO region in the late-summer and fall months, a hypothesis we
examine further in subsequent sections.

Figure 3. Season one anomaly correlation area-averaged over CONUS and individual climate regions. The black reference line indicates an anomaly correlation of
0.3, which represents the start of moderate skill according to the CPC.
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In decomposing ET0 drivers of Tmax, Tmin, Rd, and q, it was found that ET0 skill is mostly a result of skill in Tmax

(Figure S2), Tmin (Figure S3), and q (Figure S4). For some regions, such as the southwest, ET0 and q actually have
greater skill than Tmax and Tmin at times, which supports the conclusion that Tair is not always the dominant
driver of ET0 variability [Hobbins, 2016]. In regions and months when Rd (southeast region) and Uz (southwest
and west regions) are the dominant drivers of ET0 variability [Hobbins, 2016], poor skill in monthly forecasts
of Rd and Uz (Figures S5 and S6 for, respectively) is likely adding to degraded overall ET0 skill.

A more seasonal focused comparison of ET0 and Prcp skill is provided below that highlights pertinent
information on where and when ET0 can add value to seasonal drought forecasts. Figure 3 illustrates season
one AC for both ET0 and Prcp averaged over CONUS and the nine U.S. climate regions. CONUS-wide, ET0 skill
is greater than Prcp during all seasons and remains above the 0.3 AC moderate skill threshold for more than
half of the year. Most regions contain at least one or two seasons when ET0 skill is much greater than Prcp
(AC differences [ACET0�ACPrcp] of ~0.2 to 0.5). Of particular interest are regions where ET0 skill is high
compared to Prcp skill during the growing season, such as in the east north central, central, and northeast
regions, where enhanced reliability in seasonal drought forecasts could greatly benefit agricultural operations
during mid and late season crop harvest periods. A second area of interest is in the southwest region, where
moderate ET0 skill during the fall, winter, and spring can result in improved water supply outlooks.

3.2. Categorical Skill of Probability Forecasts During Drought Events

Figure 4 illustrates region specific scatter plots of season one ET0 HSS (x axis) and Prcp HSS (y axis) during
drought events. Overall, two regions (southwest and east north central) were found to have positive (skillful)

Figure 4. The HSS for season one forecasts for cases when both ET0 and Prcp indicate drought (>80th percentile for ET0 and<20th percentile for Prcp). Labels inside of
each panel indicate region and mean HSS. Black circles show notable drought events of JJA 1988 in the WNC, ENC, and Ce, January–September (JAS), August–October
(ASO), and September–November (SON) 1999 in the Ce, andMay–July (MJJ) and JJA 1999 in the NE. These events are described in detail in the text. Red dots are for warm
seasons (AMJ, MJJ, JJA, JAS, ASO, and SON) and blue dots are for cold seasons (October–December, November–January, DJF, JFM, February–April, and March–May).
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mean HSS using ET0, while no regions were found to have positive mean HSS using Prcp. Although the mean
HSS across all season one ET0 forecasts was not skillful for most regions, many notable drought events were
forecast skillfully with ET0 and not with Prcp, as seen in the lower right ET0 only skill quadrant of Figure 4
(quadrants defined by black reference lines) where there are more than double the number of events than
the upper left Prcp only skill quadrant (38 and 15 total events in all regions for the lower right and upper left
quadrants, respectively). Drought events, such as the summer (June–August (JJA)) of 1988, one of the worst
droughts in the Central U.S. since the infamous “dust bowl,”were forecast well using both ET0 and Prcp in the
west north central and east north central regions. However, positive skill was only found with ET0 in the
central region. Another event that was forecast well with ET0 and where Prcp skill was poor was the summer
and fall of 1999, a drought event that had devastating impacts on the central and northeast regions. The
aforementioned drought events are annotated in Figure 4. These results illustrate that ET0 forecasts generally
have higher skill than Prcp forecasts for predicting drought events.

3.3. ENSO as a Source of Predictability

Seasonal forecast skill of Tair and Prcp over CONUS, and ET0 over a portion of the southeast region, have been
found to increase when CFSRF and global spectral model (predecessor to CFS) forecasts are initialized during
moderate and strong ENSO events [Wood et al., 2005; Yuan et al., 2013; Tian et al., 2014]. To investigate ENSO
as a source of ET0 predictability over CONUS, all season one forecasts were compared against ENSO condi-
tional forecasts defined as when the Oceanic Niño Index (ONI) from the CPC (http://www.cpc.ncep.noaa.
gov/products/analysis_monitoring/ensostuff/ensoyears.shtml) exceeds ± 1°C. ONI is one of several ENSO
indices and results could vary depending on choice of index [e.g., Capotondi et al., 2015]. Only forecasts initi-
alized during ENSO events were considered and not the month for which the forecast was made. A total of 76
ENSO conditional initialization months were classified during the period of record out of 336 possible season
one forecasts and 52 out of 76 ENSO initial months occurred in fall-winter (September through February).

Figure 5. The difference in AC (fall-winter ENSO conditional forecasts minus all fall-winter forecasts) and regionally averaged AC for (a and c) ET0 and (b and d)
Prcp forecasts.
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Results are only shown for fall-winter; the seasons when ENSO has the greatest impacts on CONUS. Temporal
AC was computed over each grid point for fall-winter ENSO conditional and all fall-winter season one fore-
casts and then spatially averaged over each climate region. A caveat to this approach is that forecasts may
not be completely independent of each other (e.g., a forecast made in November for December-February
(DJF) and one made in December for JFM rely on independent atmospheric initial conditions but ENSO
region SSTs may be similar) which may reduce the degrees of freedom in a given sample.

Figure 5 shows the difference in AC between fall-winter ENSO conditional initial months and all fall-winter
forecasts using ET0 (Figure 5a) and Prcp (Figure 5b). Spatial patterns of forecast improvement (positive AC
differences) are quite similar for both ET0 and Prcp over parts of the west, southwest, south and southeast
regions. Improvements in forecast skill of Prcp are consistent with previous research in the west, southeast,
and southwest regions [e.g.,Wood et al., 2005; Yuan et al., 2013] and are consistent with Tian et al. [2014] over
the southeast region for ET0. Spatial patters of ET0 and Prcp AC difference are contrasting in much of the
northern half of CONUS, where ET0 forecasts are greatly improved in the northwest region, while Prcp fore-
casts are improved in the northeast and central regions. ENSO teleconnection are generally weaker in the
regions where skill ET0 gets lower (e.g., the northeast and central), but it has yet to be concluded that this
is the reason for degraded forecast skill. Overall, ET0 skill is considerably higher than Prcp during ENSO
conditional forecasts (Figures 5c and 5d). This is particularly evident in the northwest and southwest regions,
with similar skill found in the west and southeast regions, and only minor changes in skill were found in the
south, west north central, and east north central regions.

4. Discussion and Conclusions

This study highlights a novel CONUS-wide assessment of seasonal ET0 forecast anomalies using CFSRF and
METDATA observations. Nine climate regions were used as area-averaging domains to assess regional skill
variability. Monthly ensemble mean forecasts were analyzed at leads of 1–9months, and season one ensem-
ble mean forecasts were used to highlight seasonal skill variability. Monthly ET0 ACs revealed large regional
and seasonal variability, with moderate skill (AC of 0.3–0.6) found at leads of 1–5months and no consistent
skill at longer lead times.

Seasonal ET0 skill was found to be consistently greater than Prcp skill when averaged over CONUS, and the
same is true for most regions where large AC differences (0.2–0.5) were found depending on season.
Assessment of probability forecasts during drought events using the HSS revealed high skill in ET0 for some
regions and seasons, particularly over the southwest and east north central regions. Two of the most severe
droughts during the period of record (summer of 1988 and summer-fall of 1999) were forecast with reason-
able skill using ET0 and with poor skill using Prcp. While it is still unclear what makes certain drought events
more predictable than others, one prominent feature during 1988 and 1999 (northeast only) was high Tair,
which likely improved ET0 over Prcp forecasts. Another interesting finding is that poor Prcp forecasts are
not always coincident with poor ET0 forecasts, which potentially indicates a lack of land surface-atmospheric
coupling in CFSv2 for certain drought events. Findings from ET0 and Prcp skill analyses indicate that including
ET0 anomalies in operational seasonal drought forecasts would provide additional skill and confidence for
various applications such as agricultural and water resource outlooks throughout CONUS.

Results illustrating the skill of ENSO conditional versus all events show that some portion of ET0 predictability
comes from the initial state of tropical Pacific SSTs. This is evident from similar skill patterns found between
ET0 and Prcp in the west, southwest, and southeast regions (Figures 2 and 5), where several studies have
found enhanced Prcp and Tair skill during strong ENSO events [e.g., Wood et al., 2005; Yuan et al., 2013].
Tian et al. [2014] also found enhanced ET0 predictability in the southeast during the cold season when
CFSv2 forecasts were initialized during ENSO events. Jia et al. [2015] found seasonal Prcp skill from the
Geophysical Fluid Dynamics Laboratory climate model to be mostly ENSO related, but Tair skill to be related
to ENSO in addition to amultidecadal warming signal, which could be an additional factor contributing to ET0
skill from CFSv2. Peng et al. [2013] also found that the warming trend in CFSv2 enhanced categorical Tair fore-
cast skill (when compared to CFSv1) due to the addition of a time-evolving carbon dioxide concentration not
used in CFSv1. Initial state of the soil moisture column could also be contributing to ET0 predictability consid-
ering energy balance feedbacks between the land and near surface boundary layer, thus affecting variables
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of Tmax, Tmin, and q used to generate ET0 estimates. Yoon and Leung [2015] found antecedent soil moisture to
be as important as ENSO in seasonal Prcp forecast skill over parts of CONUS, and given the high correspon-
dence in ET0 and Prcp anomalies (Figures 1 and S1), it is expected that soil moisture would be another source
of predictability for ET0 forecasts.

Skillful seasonal climate predictions remain a major challenge in drought forecasting; however, the use of ET0
anomalies from CFSv2 clearly show improvements over Prcp forecasts over most regions and seasons and
can improve and complement existing seasonal drought forecasts. Further research and skill improvements
are needed for reliable operational use of ET0 (and other metrics) in seasonal drought forecasting. Identifying
why certain droughts are more predictable than others is a research area that would greatly benefit
operational seasonal drought forecasting.
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