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ABSTRACT

Precipitation forecasts from six climate models in the North American Multi-Model Ensemble (NMME)
are combined with observed precipitation data to generate forecasts of the standardized precipitation index
(SPI) for global land areas, and their skill was evaluated over the period 1982-2010. The skill of monthly
precipitation forecasts from the NMME is also assessed. The value-added utility in using the NMME models
to predict the SPI is identified by comparing the skill of its forecasts with a baseline skill based solely on the
inherent persistence characteristics of the SPI itself. As expected, skill of the NMME-generated SPI forecasts
depends on the season, location, and specific index considered (the 3- and 6-month SPI were evaluated). In
virtually all locations and seasons, statistically significant skill is found at lead times of 1-2 months, although
the skill comes largely from initial conditions. Added skill from the NMME is primarily in regions exhibiting
El Nifio—Southern Oscillation (ENSO) teleconnections. Knowledge of the initial drought state is critical in
SPI prediction, and there are considerable differences in observed SPI values between different datasets.
Root-mean-square differences between datasets can exceed typical thresholds for drought, particularly in the
tropics. This is particularly problematic for precipitation products available in near—-real time. Thus, in the
near term, the largest advances in the global prediction of meteorological drought are obtainable from im-
provements in near-real-time precipitation observations for the globe. In the longer term, improvements in
precipitation forecast skill from dynamical models will be essential in this effort.

1. Introduction sufficient lead times to be able to inform decision making
of drought-affected activities. Evaluating such skill over
land areas for the near-global domain is the main goal of
this study.

In this paper, drought is viewed from a meteorological
perspective and defined using the standardized pre-
cipitation index (SPI; McKee et al. 1993, 1995). Seasonal
forecasts of the 3- and 6-month SPI (SPI3 and SPI6,
respectively) are generated by combining an analysis of
observed precipitation with monthly forecasts obtained
from six coupled ocean-land—atmosphere general cir-
culation models (CGCMs) in the North American
Multi-Model Ensemble (NMME). While the focus of
the paper is on the prediction of meteorological drought,
the study emphasizes two fundamental constraints in
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Corresponding author address: Kingtse C. Mo, Climate Pre-

diction Center, NOAA/NWS/NCEP, 5830 University Research arise whether using the reported _methOd or ar.Iy other
Ct., College Park, MD 20740. approach (e.g., land surface modeling): 1) the skill of the

E-mail: kingtse.mo@noaa.gov monthly and seasonal precipitation forecasts and 2) the

The routine generation of global seasonal climate
forecasts coupled with advances in near-real-time moni-
toring of the global climate has now allowed for testing
the feasibility of generating global drought forecasts op-
erationally. Indeed, the development of an experimental
global drought information system (GDIS) that includes
both real-time monitoring and forecasts has recently been
recommended by a working group of the World Climate
Research Programme (WCRP 2012) and promoted in
various prior forums (Pozzi et al. 2013). An essential step
in developing a pragmatically useful GDIS is to demon-
strate that seasonal drought forecasts are skillful at
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quality of the observational data needed to accurately
describe the initial drought condition. The first issue will
be examined by evaluating the skill of the NMME
monthly and seasonal precipitation forecasts (1982—
2010) as a function of location, starting date, and lead
time. The second will be illustrated by presenting dif-
ferences in SPI values when computed from different
precipitation analyses. It will be shown that it is partic-
ularly challenging to obtain reliable global precipitation
data that are both available in near-real time and have
a sufficiently long history to provide fairly stable statis-
tics. Ideally, it is desirable to have 50 or more years
of historical precipitation data when computing the
SPI, with at least 30 years considered a minimum
value (Guttman 1999). High-spatial-resolution, satellite-
derived rainfall (and soil moisture and air temperature)
estimates are becoming more widely available and will
play an increasingly important role in drought moni-
toring and prediction going forward. At present, how-
ever, such data have a fairly short historical record and,
in any case, still require calibration to surface observa-
tions in some manner, which, for the global domain,
presents a major challenge in its own right.

There have been some recent efforts to generate pro-
totype seasonal drought forecasts for the globe. Yuan and
Wood (2013) used seasonal precipitation forecasts from
the NMME and other GCMs to examine the pre-
dictability of drought onset around the globe based on the
SPI, applying an onset definition used by Mo (2011). For
the global domain, they found only a modest increase in
the forecast probability of onset relative to baseline ex-
pectations when using the GCM forecasts. Dutra et al.
(2014a,b) generated global forecasts of the 3-, 6-, and
12-month SPI by combining seasonal precipitation re-
forecasts from the European Centre for Medium-Range
Weather Forecasts (ECMWF) System 4 GCM with pre-
cipitation observations from the Global Precipitation
Climatology Centre (GPCC) and, alternatively, the
ECMWEF Interim Reanalysis. They reported on several
verification metrics for the SPI forecasts for 18 regions
around the globe. Using the same definition as Yuan and
Wood (2013), they found that the ECMWF System 4
provides useful skill in predicting drought onset in several
locations, and the skill is largely derived from El Nifio—
Southern Oscillation (ENSO) teleconnections. However,
they also found that it is difficult to improve on “‘clima-
tological” forecasts generally. Hao et al. (2014) describe
the Global Integrated Drought Monitoring and Pre-
diction System (GIDMaPS) that uses three drought in-
dicators. The forecasting component of their system
relies on a statistical approach based on an ensemble
streamflow prediction (ESP) methodology. Systems to
monitor drought around the globe are described in
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Vicente-Serrano et al. (2010) for meteorological drought
and Nijssen et al. (2014) for hydrologic and agricultural
conditions. This paper builds on these previous studies by
considering a multimodel ensemble framework to gener-
ate seasonal forecasts of the SPI and assessing their overall
skill (i.e., not limited to onset probability) and by assessing
the influence of differences in observational datasets in
generating the initial condition for the SPI forecasts. The
initial condition has already been shown to be a major
source of seasonal forecast skill in meteorological drought
prediction (Lyon et al. 2012; Quan et al. 2012).

The paper is outlined as follows. The observational
and climate model datasets used and a description of the
overall analysis procedures are described in section 2.
Section 3 reports on the evaluation of forecast skill,
while section 4 considers uncertainty in the SPI analysis
associated with different observational datasets. Section
5 provides a discussion of the results and the main
conclusions drawn from the study.

2. Data and procedures
a. Precipitation analyses

Two monthly mean precipitation analyses (considered
the precipitation observations Py, are used in this study:
GPCC, version 6 (GPCC v6; Rudolf and Schneider 2005;
Becker et al. 2013), and U.S. Climate Prediction Center
(CPC) Unified precipitation (Chen et al. 2002). Both
datasets are based on station gauge reports that have
been gridded to a 1° latitude X 1° longitude spatial res-
olution and cover the period from January 1950 to De-
cember 2010. The monthly CPC Unified precipitation is
based on a daily analysis generated in near—real time with
1-day lag (www.esrl.noaa.gov/psd/data/gridded/data.unified.
daily.conus.html). The GPCC dataset is a historical anal-
ysis that uses monthly average station data with more
station inputs than for the CPC analysis. The trade-off is
that it is not available in near-real time (the GPCC v6
data used here end in 2010). Given the additional time
available to generate the analysis, the GPCC dataset also
has better quality control than the CPC Unified pre-
cipitation. It should be noted that over several regions of
the globe, particularly Africa, South America, and many
areas in the tropics, there are many 1° X 1° grid boxes in
both datasets that have no station observations available,
with spatial interpolation techniques used to fill out the
fields. This can result in large differences in the respective
precipitation analyses. The SPI3 and SPI6 were com-
puted following the procedures of McKee et al. (1993,
1995) over the full analysis period in both datasets.
Hereafter, they are labeled as SPI3gpcc and SPI3¢pc for
SPI3 and SP16Gpcc and SP16¢pc for SPI6.
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TABLE 1. NMME models utilized.

Modeling center Description Ensemble size  Lead times (months)
NCEP Climate Forecast System, version 2 (CFSv2) 16 0.5-8.5
GFDL GFDL Climate Model, version 2.2 (GFDL CM2.2) 10 0.5-11.5
NCAR Community Climate System Model, version 3 (CCSM3) 6 0.5-11.5
NASA Goddard Earth Observing System Model, version 5 (GEOS-5) 10 0.5-9.5
CMC1 Third Generation Canadian Coupled Global Climate Model (CanCM3) 10 0.5-11.5
CMC2 Fourth Generation Canadian Coupled Global Climate Model (CanCM4) 10 0.5-11.5

A signal-to-noise analysis for the P, data required
the use of additional monthly gridded analyses, which
included the University of East Anglia Climatic Research
Unit (CRU) gridded climate dataset (referred to as TS
version 3.10) (Harris et al. 2014); the Global Precipitation
Climatology Project (GPCP), version 2.2 (Huffman et al.
2009); the CPC Merged Analysis of Precipitation
(CMAP; Xie and Arkin 1997); and the Climate Anomaly
Monitoring System and OLR Precipitation Index
(CAMS_OPI; Janowiak and Xie 1999). All of these
datasets were gridded to a common 2.5° latitude X 2.5°
longitude resolution. The common period 1979-2005 was
used for this particular calculation.

b. NMME

Monthly mean precipitation P forecasts from 1982—
2010 were obtained from the NMME archive (Kirtman
etal. 2013). There are a total of six models utilized in the
NMME (Table 1), of which CMC1, CMC2, GFDL, and
NASA have 10 ensemble members each. The NCAR
model has six ensemble members, while CFSv2 has
a total of 24 members, of which only 16 ensemble
members were used. The latter relates to the fact that
the archived CFSv2 seasonal hindcasts were generated
every 5 days from 1 January 1982 to 27 December 2010
(Saha et al. 2014), with four forecast runs made on each
of these days (6 start times X 4 ensemble members = 24
runs). Including more than 16 ensemble members for
CFSv2 does not increase overall forecast skill because
the additional ensemble members are more than 20 days
away from the start time of the forecast. The horizontal
resolution for all model data from the NMME is also
1° latitude X 1° longitude.

c. SPI forecasts

We generated SPI forecasts for each model in the
NMME separately following the procedure outlined in
Yoon et al. (2012). To remove any systematic biases in
the mean values of the model P forecasts, we first de-
termined the “anomalous” values of the P forecasts
computed relative to a given model’s “hindcast clima-
tology.” To do this, we first remove one year 7), from the
hindcasts for each of the NMME models individually

and denote this as the target year. The rest of the years in
the hindcasts are considered the training period used to
compute a model’s hindcast climatology. For example,
for a given model hindcast start time of month M, we
denote the monthly mean P hindcast for ensemble
member 7, lead time 7, and target year as P(T,, 7, M, n).
The ensemble-mean P hindcast value for M and 7 is de-
noted as P(Ty, 7, M) and expressed mathematically as

P(T,,m,M) = (P(T,,7,M,n)),, 1)

where (-), denotes the equally weighted value of all the
ensemble members n. For the same M and 7, we then
compute a climatological hindcast averaged over all
hindcasts in the training period and across all forecast
ensemble members, denoting this as P.(r, M). For T,
and M, a hindcast P anomaly P,(7T,, 7, M) is then de-
fined as

P(T,,7,M) :F(Ty,T,M) —P,(1,M). )

The verification of P, values is accomplished by com-
paring it with the P,,s anomaly obtained from the GPCC
or CPC datasets at M + 7 for T,

The procedure to generate SPI forecasts is illustrated
here by considering forecasts initialized on 1 January
1993 as an example (for the CFSv2, it is based on the
average of 16 ensemble members generated most closely
to 1 January 1993). Therefore, the forecast at lead of
1 month is for January 1993 and is considered as the
0.5-month lead. In general, for any T, we first obtain the
observed climatology (Pobs) from T, — 30 to T, — 1,
which is the base period. For the above example, T, =
1993 and the base period is 1963-92. Note that there are
no observations used after the target year. We then add
the ensemble mean P, to the observed monthly clima-
tology Pops for each lead time, 7 = 1-6 months, to obtain
the monthly hindcast values of precipitation:

P

fost Pa + Fobs' (3)

For hindcasts with a start time of 1 January 1993, the
first (sixth) lead time corresponds to January (June) 1993
50 the Pops for J anuary—June are added to the P, forecasts
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to obtain Pr. These forecast precipitation values are
then appended to the P, data to form a new time series,
which now has 366 months total (i.e., from January 1963
to June 1993). The SPI3 and SPI6 are computed from this
new time series, with the last six values representing the
forecast. This was performed for each model. A multi-
model, ensemble-mean SPI forecast is then obtained as
the equally weighted mean of the SPI forecasts across all
six models in the NMME for a given lead time. To verify
these SPI forecasts, they are compared with the SPI3gpcc
and SPI6gpcc observed values. Note that for forecast
verification only the GPCC precipitation data are used
and will be considered as representing the true observed
values. In section 4, differences in the observed SPI
condition will be examined across different P analyses.

d. Verification

We verify the SPI hindcasts for each model and the
multimodel ensemble mean for each lead time (0.5-5.5
months) and each year (1982-2010). We used the
Pearson correlation to assess the forecast skill. If one
year is considered as having one degree of freedom, then
N = 29. To be considered statistically significant at the
5% (10%) confidence level, the correlation between
forecast SPI values and those in the verifying SPIgpcc
data needs to be greater than 0.37 (0.31). However, since
the SPI is based on accumulated monthly precipitation
(here, over 3- and 6-month periods), at a given location
(grid point) it is likely to exhibit substantial autocorre-
lation. As such, the true skill of the NMME SPI forecasts
needs to be evaluated relative to the baseline autocor-
relation of the index. Such a baseline is described in
Lyon et al. (2012), where a methodology for generating
“optimal persistence” forecasts (for the baseline case
where there is no serial correlation in monthly pre-
cipitation) of the SPI based on its autocorrelation is
presented. These statistical forecasts will be considered
the baseline in this study and are based on the SPIgpcc
data. If the NMME is providing value-added skill to the
SPI forecasts, it will be manifested by temporal corre-
lations with observations that exceed these baseline
values. Under the assumption that these respective sets
of forecasts are normally distributed, to assess the sta-
tistical significance of the difference between two cor-
relations r; and r,, we used Fisher’s Z transformation as
explained in Quan et al. (2012).

We define Z; as

Z,- % 1n(1 i ri) )

1-r,

for i = 1 and 2. The transformation Z is assumed to be
normally distributed with variance (N — 3) !, where N is
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the number of forecasts (N = 29). We then transformed ry
and r, to Z; and Z,, with the statistical significance for the
difference in correlations assessed using the Z statistics:

zZ,-7
zZ= L 2 )

1 1
+
N,-3 N,-3

where N; — 3 and N, — 3 are the degrees of freedom for
ri and r,, respectively. Here Ny = N, = 29. Using a null
hypothesis of equal correlation and a nondirectional
alternative hypothesis of unequal correlation, if Z is
greater than 1.96, the difference in correlations is sta-
tistically significant at the 5% confidence level.

The temporal correlation between forecast and ob-
served values of the SPI provides an overall measure of
forecast skill, one that is not limited to the case of drought
alone. Therefore, we also evaluated SPI forecasts in the
context of being able to detect drought identified when
the index drops below a particular threshold. Here we
first identified drought events as occurring when the ob-
served SPIgpcc for a given month was <—1.2, which
corresponds to the ‘“‘severe drought” category D2 or
higher in the U.S. Drought Monitor (Svoboda et al. 2002).
There is no persistence requirement of this threshold to
be classified as a drought. By adding persistence as a re-
quirement, there will not be enough drought events to
obtain reliable statistics. For a given lead time, we com-
puted several verification measures for forecasts being
below this threshold based on a contingency table ap-
proach applied at each grid point in the study domain.
The entries in the table are defined as follows: A is the
number of drought events that are forecast and occur, B is
the number of drought events that are forecast but do not
occur, C is the number of drought events that are not
forecast but do occur, and D is the number of drought
events that are not forecast and do not occur. The vari-
able N is the total number of drought events analyzed
from 1982 to 2010. Based on these values, the hit rate is
defined as H = A/(A + C), the false alarm rate is defined
as FAR = B/(A + B), and the threat score is defined as
TS = A/I(A+ B+ QO).

3. Evaluation of P and SPI forecast skill

Precipitation fluctuations are the sole source of SPI
variability. Therefore, before considering the SPI, we
first evaluated the skill of monthly and seasonal P
forecasts from the NMME. Figure 1 displays climato-
logical values of the monthly precipitation and standard
deviation in the GPCC data for reference. Figure 2
shows the ensemble-mean NMME P forecast skill
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FIG. 1. The monthly mean precipitation climatology (mm day ') from GPCC for the period 1950-2010 for
(a) January, (b) April, (c) July, and (d) October. Values are indicated by the color bar. (e)—(h) As in (a)—(d), but for

the std dev of monthly precipitation for the same months and base period.

measured by the Pearson correlation between the
monthly mean P forecasts and the corresponding GPCC
data at each lead for forecasts initialized on the first day
of the month of January, April, July, and October. As
expected, the forecast skill is seen to be seasonally and
regionally dependent. Overall, skill is generally higher
in the winter hemisphere than in the summer hemi-
sphere, and it is generally lower for start times during the
transition seasons April and October.

In Fig. 1, areas that have both low average P and
standard deviation are either deserts or areas with
a pronounced annual cycle that are undergoing a rela-
tive dry season. In such areas, the P forecasts are not
particularly meaningful, as little or no precipitation is
expected climatologically. Conversely, the global mon-
soons play an important role in defining the global water
cycle. However, the monthly NMME P forecasts even at
a lead of 0.5 months (Fig. 2) are unable to capture much
of the observed variability in the monsoons of Asia,
Africa, and North America (with the caveat that data
coverage in these areas is sparse). Generally speaking,
there is some suggestion that, at lead of 1 month, the skill

is higher for comparatively drier regions than the cli-
matologically wettest areas. For a January start time, the
ensemble mean of the NMME exhibits some skill in
capturing precipitation variability over the western
United States, eastern China, and portions of Europe.
Statistically significant skill is identified over Central
America and northeastern Brazil for January and April
start times and northeastern Australia for 0.5-month
leads starting in April and July. After lead of 1 month,
skill of the monthly P forecast drops off sharply. The
seasonal forecasts are in general more skillful than the
monthly forecasts after lead of 1 month (Fig. 3). Some
skill is likely contributed by ENSO. For example, skill is
higher over the southern United States in January—March
(JFM), Central America in JFM and October—-December
(OND), northeastern Brazil in April-June (AM]J), and
Australia in July-September (JAS). These are regions
known to have an ENSO signal, and the more seasonal
skillful P forecasts contribute to the SPI3 seasonal fore-
casts at lead of 1 month. Large forecast errors indicated
by negative correlations are not systematic and are not
amenable to correction by postprocessing. Of course,
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FIG. 2. NMME precipitation forecast skill as measured by the Pearson correlation with P,,s from GPCC for
forecasts with a lead of 1 month initialized on (a) 1 Jan, (b) 1 Apr, (c) 1 Jul, and (d) 1 Oct. Values are indicated by
the color bar. (e)-(h) As in (a)-(d), but for a lead of 2 months.

these unskillful P forecasts negatively impact the skill of
SPI forecasts, which are considered next.

The NMME-mean SPI forecasts are typically more
skillful than forecasts from any single model. As an ex-
ample, we calculated the anomaly correlation coefficient

p lead=1 season

(ACC), which is the pattern correlation between fore-
casts and verifying SPI from P analysis (not shown) and
root-mean-square error (RMSE; Fig. 4) for the SPI6
forecasts over land areas in the Northern Hemisphere
(20°-60°N), tropics (20°S-20°N), and Southern Hemisphere

405
120w 80w 4QW Q 40E 80E 120E 160E 120w 8O0W 40w =3 40E S0E 120E 160E
===z7] — T e
=0.1 0.37 0.5 ©.6 0.7 o.a

FI1G. 3. NMME precipitation forecast skill as measured by the Pearson correlation with P,,s from GPCC for
seasonal forecasts with a lead of 1 season initialized on the first of the season for (a) JFM, (b) AM]J, (c) JAS, and

(d) OND. Values indicated by the color bar.
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FIG. 4. RMSE of SPI6 forecasts for Northern Hemisphere (20°-60°N) land areas as a function of lead time for forecasts initialized on
(a) 1Jan, (b) 1 Apr, (c) 1 Jul, and (d) 1 Oct for each individual model (dark line) and the NMME average (red open circles). (e)—(h) As in
(a)—(d), but for the tropics (20°S-20°N). (i)—(1) As in (a)—(d), but for the Southern Hemisphere (20°-60°S). GPCC data used for verifi-

cations.

(20°-60°S) as a function of lead time. Conclusions from
RMSE and ACC are the same. The NMME SPI6 fore-
casts consistently show lower RMSE (or higher ACC)
values than for the individual model members. The
RMSE values are also typically lower over the winter
hemisphere than the summer hemisphere, although in
addition to skill of the P forecasts, the effect of the sea-
sonal cycle of climatological P on the persistence of the
SPI may be at least partially responsible for this behavior
(Lyon et al. 2012). On average, the RMSE values across
these regions reach 1 between leads of 3 and 4 months,
which means very little skill at longer leads. Although not
reflected in the area averages in Fig. 4, at short leads
forecasts for several tropical locations show lower RMSE
(and greater skill) because the models are able to capture
ENSO teleconnections with P there (Kirtman et al. 2013).

The higher skill of the NMME relative to its component
models is an expected result given the larger ensemble
size and possible complimentary skill arising from the
diversity of models (Kirtman et al. 2013). As a simple
examination of the latter contribution, the area-averaged
correlation’ (60°S-60°N, land areas only) between the
CFSv2 seasonal P forecasts and observations (GPCC) was
compared with a mini-NMME consisting of four models
(CMC1, CMC2, GFDL, and NASA). The CFSv2 and
mini-NMME each used a total of 16 ensemble members,

'The area-averaged correlation was computed by squaring
gridpoint correlation values while retaining their sign, multiplying
by the cosine of latitude, averaging across all grid points, and then
taking the square root of the results.
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the latter using four ensemble members for each of the
four models in the mini-NMME. Six overlapping
3-month seasons were evaluated using forecasts initialized
in October. The results (Fig. 5a) indicate that, with the
exception of the first season lead (where skill is compara-
ble), the mini-NMME forecast shows greater skill than the
CFSv2. Since the number of ensemble members is the
same, this suggests the existence of complimentary skill in
the individual mini-NMME models. To examine this
further, for the same forecast start and lead times, we
used 10 ensemble members for the CFSv2 and 10 each
for the four models in the mini-NMME (i.e., a total of 40
ensemble members for the latter). The area-averaged
correlation with observations was again computed, but
now for each model individually and then averaged
across the models. If complimentary skill exists across
the mini-NMME models, we would expect the average
skill of the four individual models to be less than the skill
of the ensemble average forecast of the four models
(Fig. 5a). For a lead of 1 month, the CFSv2 in fact shows
(Fig. 5b) greater skill than the average of the four
models in the mini-NMME. For longer leads, the skill of
the CFSv2 and average of the mini-NMME component
models is roughly equal, but still less than that of the
ensemble average forecasts in the mini-NMME. While
these are small samples and the statistical significance of
the results was not attempted, they again suggest that
complimentary skill across the NMME models does add
to the total skill of the NMME forecasts.

Since the NMME mean has the highest skill, in what
follows we only present the skill for the multimodel,
ensemble-mean SPI forecasts, correlating them with the
observed SPI3gpcc (Fig. 6) and SPI6gpcc (Fig. 7) over
1982-2010. The lack of skill in P forecasts clearly in-
fluences the skill of the SPI forecasts at longer leads in
both figures, but for short lead times the SP16 and SPI3
forecasts are overall quite skillful. For example, SP16
forecasts at virtually all locations have correlation values
above 0.7 at a lead of 1 month, which is highly statistically
significant. However, the main reason for these high
correlations is that forecasts of SPI6 at a lead of 1 month
are based on 5 months of observed P and only 1 month of
forecast P values, which do show some skill in several
locations as well (see Fig. 2). Here, it suffices to say that it
is not a surprising outcome that the forecasts of SPI3 at
alead of 1 month and SPI6 at a lead of 3 months generally
have a similar level of skill. Overall, regardless of its
source, the skill of the SPI3 and SPI6 forecasts in Figs. 6
and 7 is statistically significant in many regions of the
globe, with spatial variations in skill dependent on the
start time of the forecast. Regions with lower skill in SPI
forecasts generally occur for start times that are near the
start of the rainy season. For example, SPI6 forecasts
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FIG. 5. (a) Area-averaged correlation (land areas only, 60°S—
60°N) between seasonal rainfall forecasts from CFSv2 (16 ensem-
ble members) with a 16-member mini-NMME (4 models X 4 en-
semble members per model) and GPCC observations for six
overlapping, 3-month seasons (1982-2010). (b) As in (a), but for
the mini-NMME (solid black line) with the average correlation of
the four individual models (dashed black line) and CFSv2 (gray
dashed line), each model using 10 ensemble members. All forecasts
were initialized in October. The parentheses contain the number of
ensemble members for the models, and the lead time of the forecast
season is on the abscissa.

initialized on 1 April at a lead of 3 (5) months, which
should be verified against SPIgpcc in June (August) of
the monsoon season, have no statistically significant skill
over most of China, India, and north-central Africa.
Seasonal forecasts of SPI3 (Fig. 8) at a lead of 1 season
exhibit skill over such areas as the southern and south-
western United States in JFM and OND, much of South
America in AMJ and JAS, southern Africa in JFM, and
Australia in OND. These are areas that have an ENSO
signal. Obviously, skillful NMME P forecasts will in-
crease the skill of the SPI forecasts.

The evaluation of SPI forecast skill relative to base-
line skill is given in Fig. 9, which shows the difference
in correlation between the NMME SPI6 forecasts and
the baseline SPI6 forecasts based on optimal persis
tence (Lyon et al. 2012). The optimal persistence only
has the information of the seasonal cycle of precipitation
and the initial conditions so it can be viewed as the
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FIG. 6. As in Fig. 2, but for SPI3.

unconditional, inherent persistence of SPI. The differ-
ences between the NMME-based forecasts and the
baseline forecasts will indicate whether there is addi-
tional skill obtained from the dynamical model P fore-
casts. For most areas, the NMME forecasts have higher
skill than the baseline (orange color), but the differences
often are not statistically significant at the 10% level
based on the Fisher’s Z test (red color). For SPI3, there
are more areas where the skill of NMME-based fore-
casts is higher than the baseline forecasts at a lead of 2
months when persistence loses value. Overall, our re-
sults are consistent with Dutra et al. (2014a,b), namely,
that it is difficult to improve on SPI forecasts that are
based on climatology and persistence.

To examine the ability of the SPI6 forecasts to spe-
cifically capture severe drought conditions, we com-
puted the hit rate, false alarm rate, and threat score for
selected lead times (Fig. 10) across the period 1982-
2010. As mentioned previously, for this calculation
drought is defined at each grid point as occurring when
the SPI6 is below —1.2. Persistence of this threshold
value is not a criterion here because there will not be
enough events to obtain meaningful statistics. We have
pooled together all seasons in generating Fig. 10.

Looking across all land areas, it shows that the forecasts
with alead of 1 month have the highest skill, as expected.
Overall, the hit rates are generally above 0.6 and the
threat scores are above 0.4 for the SPI6 forecasts eval-
uated at a lead of 1 month. Except for the Asian mon-
soon regions and northern Africa, the threat scores for
SPI6 are above 0.5 at 1-month lead, with a false alarm
rate generally averaging about 0.3 and below. The large
false alarm rate over the African and Mongolian deserts
is not particularly meaningful because of the climato-
logically low mean and variance of P there. Overall, the
SPI6 forecasts at a lead of 1 month do a good job in
capturing severe droughts, that is, classified as D2 class
or higher by the U.S. Drought Monitor (Svoboda et al.
2002), with the skill dropping off sharply after a lead of
1 month. For SPI6 at a lead of 2 months (and SPI3 at a lead
of 1 month), the skill is lower and the forecasts are able to
capture severe drought conditions only over selected
areas. For the western and the southeastern United
States, Central America, Europe, central Africa, and
eastern Australia, the hit rate is about 0.5-0.6 and the
threat scores are between 0.3 and 0.4. There is little skill
exhibited by these metrics for SPI6 at a lead of 3 months
even in areas where the temporal correlations between
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forecast and observed SPI6 values is rather high (i.e., with
correlation above 0.7; see Fig. 7). These results indicate
that forecasting the severity of meteorological drought on
seasonal time scales remains quite challenging.

4. Forecast uncertainties arising from the P analysis

In addition to having skillful P forecasts, a second fun-
damental challenge to generate reliable meteorological
drought forecasts for the globe is associated with un-
certainties in the P analysis used. This is especially prob-
lematic given that the P analysis needs to be made available
in near—real time in order to be used in either generating
a drought indicator forecast, such as the SPI, or in forcing
a land surface model. In several locations of the globe, real-
time station reports of P (and other variables) are not

available in near-real time, particularly over historically
data-sparse areas over much of Africa and South and
Central America. In such data-sparse regions, the P anal-
ysis is unlikely to accurately represent the true observed
conditions, which is also a function of the analysis method
used and temporal and spatial variations in the number of
station reports available for any particular month.

Figure 11 illustrates the influence of the particular
P, dataset used on the skill of the SPI6 forecasts. The
figure shows the difference in skill of SP16 forecasts from
the NMME as measured by the Pearson correlation
when using P analyses from GPCC and CPC to repre-
sent the observed conditions. The respective forecasts
are both evaluated against SPI6Gpcc. Only areas where
the difference in the temporal correlation is statistically
significant at the 5% level are shaded in the figure. At
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a lead of 1 month, the SPI6 has 5 months of P, and
1 month of forecast precipitation, so differences in the
SPI6 forecasts at this lead essentially measure the in-
fluence of the two P,,s analyses on the SPI calculation.
The figure shows that the differences are large over data-
sparse areas such as western and central South America,
central Africa, and Russia, where the correlation (skill)
differences are above 0.3 in many locations. Thus, dif-
ferences in the particular P,,s data used in describing the
initial drought state results in large uncertainties in the
SPI forecasts in many land areas. As the lead time in-
creases, the difference in the correlations decreases for
the two different P, datasets because the calculation of
SPI6 contains fewer months of observations and
a greater number of forecast P values.

To further quantify the uncertainties arising from the
P, analyses when computing the SPI, we computed the
root-mean-square (RMS) difference between the ob-
served SPI3 and SPI6 when calculated using the GPCC
versus CPC data over the period from January 1979 to
December 2010. The results are shown in Fig. 12, where
the largest differences are seen mainly in tropical land
areas where the observational reports are sparse. For
both SPI3 and SPI6, the differences over South America
north of 35°S, central Africa, and the Asian monsoon
areas and Maritime Continent are larger than 1.2. If
—1.2 is the threshold for severe drought, then the un-
certainties are too large for drought classification. The
situation is even more dire when considering that the
expected RMS difference between random pairs of
values taken from two independent, normally distrib-
uted variables having unit variance (as the SPI does) is
expected to be /2 ~ 1.4. In some locations, the RMS
difference approaches this value. The data situation is
also typically much worse for near-real-time data than
for historical datasets. To highlight this, Fig. 12c shows

the data counts per day averaged over the year 2010. For
places such as the United States, China, and Europe,
there is fairly good spatial coverage, but for most of
Central America, Africa, and even Australia, station
reports are seen to be too few to have a reliable Py
analysis based on them.

The challenge of developing reliable P analyses in
near-real time is further demonstrated in Fig. 13, which
shows the signal-to-noise ratio (ratio — 1) for a set of
four historical P,,s analyses (from CRU, GPCC,
CMAP, and GPCP) and three P, analyses available in
near-real time [CPC Unified, Precipitation Re-
construction over Land (PREC/L), and CAMS_OPI].
The figure shows this ratio computed for monthly ob-
servations for January over the period 1979-2005. This
ratio is seen to be much higher for the historical datasets,
having values larger than 2-3 for most land areas except
north-central Africa, Peru, and portions of the western
Amazon and central Asia. For the near-real-time data,
the ratio values are lower, even in places such as the
United States, Europe, and Australia. There are several
locations where the ratio is less than unity (blue shading
in the figure), indicating that the noise is greater than the
signal in these areas. The lack of precipitation data in-
puts also influences the quality of the Global Land Data
Assimilation System (GLDAS) because precipitation is
the major forcing in land surface models used to obtain
soil moisture and other derived variables (Nijssen et al.
2014). Overall, these results clearly illustrate a major
constraint currently faced in making global forecasts of
drought indicators: in many locations, the quality of the
required observational data is insufficient for the task.
This is true not only for the SPI prediction and any other
meteorological drought indicators, but also for forcings
used to drive land surface models. The development of
improved observational precipitation analyses that are
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F1G. 9. Difference in forecast skill (Pearson correlation) between the NMME-based SPI3 forecasts and baseline SPI3 forecasts at a lead
of 1 month for forecasts initialized on (a) 1 Jan, (b) 1 Apr, (c) 1 Jul, and (d) 1 Oct. Green shading indicates that the NMME forecasts are
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significant level, with red indicating a statistically significant improvement at the 10% confidence level. Values less than 0.05 are omitted.
(e)—(h) As in (a)—(d), but for a lead of 2 months. (i)—(1) As in (a)-(d), but for SPI6 at a lead of 3 months.

both available in near-real time and have sufficiently NMME SPI forecasts and a baseline forecast based on
long historical archives is a paramount need for the the persistence characteristics of the SPI, while positive
development of a GDIS. in many areas, is largely statistically insignificant. This
indicates that the skill of the SPI predictions made using
the NMME comes largely from the initial conditions.
The situation is similar to hydroclimate forecasts of soil

In this paper, we evaluated the skill of global SPI moisture and runoff obtained by driving a land surface
predictions that incorporate P forecasts from the model such as the hydrologic Variable Infiltration Ca-
NMME. This is viewed as an essential step in moving pacity model (VIC) using forcing derived from P and air
toward a forecast component to a Global Drought In- temperature forecasts from climate models (Shukla and
formation System (GDIS). The skill of the SPI3 and Lettenmaier 2011) or from the NMME (Mo and
SPI6 forecasts was found to be seasonally and regionally =~ Lettenmaier 2014b). There is little difference in the skill
dependent, but overall, SPI3 predictions at a lead of 1 of NMME-based soil moisture and runoff forecasts and
month and SPI6 at leads of 1-3 months are found to have  forecasts based on an ensemble streamflow prediction
“useful” skill (temporal correlations with observations (ESP) approach in which the forecast skill comes en-
>(.6) in many areas. The difference in skill between the tirely from the initial conditions. Here we show that the

5. Discussion and conclusions
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F1G. 10. Hit rate for NMME predictions of drought (defined as SPI values < —1.2) for (a) SPI3 forecasts at a lead of 1 month verified
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FAR. (i)-(1) As in (a)—(d), but for threat score.

NMME P forecast skill drops off sharply after a lead of
1 month, although seasonal P forecasts do exhibit sta-
tistically significant skill in many regions of the globe,
particularly in regions influenced by ENSO. Overall, to
improve drought forecasts based on the SPI (or soil
moisture, or runoff from land surface models), im-
provements are needed in P forecasts beyond lead times
of 1 month.

Additional challenges to SPI (or land surface model
based) forecasts are the uncertainties inherent in the
observed P analyses. For the historical period consid-
ered here (1982-2010), the P station reports were gen-
erally adequate over the United States, Europe, and
Australia. In near-real time, however, the number of
station reports included in the analyses drops off sub-
stantially. An example is given in Fig. 12¢, which shows

the data counts per day for 2010 in near-real time. Over
Africa, South America, and the tropics, there is
a marked lack of reports. This clearly will have an im-
pact on the quality of P, analysis. RMS differences in
SPI3 and SPI6 values computed from two different P,
analyses (Fig. 12) were shown to exceed 1.2 in many
areas, particularly in the tropics. Such uncertainties are
too large to reliably identify the initial drought state
(e.g., SPI values of less than —1.2 are commonly used to
denote severe drought). The uncertainties in the Py,
analysis also influence soil moisture, runoff, and evap-
oration derived from land surface models, as variations
in precipitation are the major source of variability in
these quantities (Mo et al. 2012). As one way to address
uncertainties in the P, analyses, Dutra et al. (2014a,b)
have suggested to use ECMWF short-range forecasts in
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precipitation analyses used.

combination with the GPCC data for monitoring. One
possibility to improve real-time precipitation analysis is
to use satellite-based observations with careful calibra-
tion to assure consistency (e.g., AghaKouchak and
Nakhjiri 2012). Given uncertainties in the underlying
analyses, Mo and Lettenmaier (2014a) proposed the use
of multiple analyses to form a mean index for drought
monitoring while also addressing its uncertainties. The
latter, probabilistic method quantifies the level of un-
certainty to better inform users.

Another approach is to use a probabilistic multivari-
ate methodology where the SPI is used in combination
with soil moisture or runoff indices (Hao et al. 2014).
Similar to the multimodel ensemble, the multivariate
approach can lead to higher skill because different

variables may have higher skill at different locations: the
diversity of information can provide complimentary
skill. Unfortunately, not all NMME forecasts initialized
surface variables such as soil moisture and snow water
equivalent properly. Because the skill of the soil mois-
ture forecasts comes largely from initial conditions, the
low skill of the soil moisture forecasts will not improve
forecast skill.

Overall, to support the forecast component of GDIS,
this study finds there is some modest skill derived from
the NMME in making global forecasts of the SPI and
that the persistence characteristics of the index allow for
skillful predictions out to several months in their own
right. Thus, in regions and seasons where the NMME
does not provide skillful P forecasts, a statistical
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approach can be used as a fallback forecast, as described
for the North American domain in Lyon et al. (2012) and
Quan et al. (2012). This provides more detail to drought
predictions than is typically available when climate sig-
nals such as ENSO are weak (Pulwarty and Sivakumar
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FIG. 13. Signal-to-noise ratio (ratio — 1) computed for January
1979-2005 for (a) four historical precipitation analyses (CRU,
GPCC, CMAP, GPCP) and (b) three precipitation analyses
available in near-real time (PREC/L, CAMS_OPI, and CPC
Unified).

2014). An advantage of using the SPI for global drought
monitoring, prediction, and risk assessment is that it is
already used in many countries around the globe and it is
a drought index endorsed by the World Meteorological
Organization (Hayes et al. 2011). Different flavors of the
SPI that emphasize different time scales of variation are
also desirable for early warning (Hayes et al. 2005).
However, the quality of the underlying data used for
drought monitoring in near-real time is seen as the
largest current obstacle to more reliable drought pre-
dictions on the global scale. This issue has been recog-
nized for some time (Pulwarty and Sivakumar 2014;
Wilhite et al. 2000), and advances in drought prediction
on the global scale will likely come as much from im-
provements in observational datasets (including inputs
from satellites) as from improvements in climate model
predictions in the near future. In the longer term, im-
proved skill of monthly and seasonal precipitation
forecasts will be essential.
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