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ABSTRACT

The Scripps Experimental Climate Prediction Center (ECPC) has been making experimental, near-real-time sea-
sonal global forecasts since 26 September 1997 with the NCEP global spectral model used for the reanalysis. Images of
these forecasts, at daily to seasonal timescales, are provided on the World Wide Web and digital forecast products are
provided on the ECPC anonymous FTP site to interested researchers. These forecasts are increasingly being used to
drive regional models at the ECPC and elsewhere as well as various application models. The purpose of this paper is to
describe the forecast and analysis system, various biases and errors in the forecasts, as well as the significant skill of the
forecasts. Forecast near-surface meteorological parameters, including temperature, precipitation, soil moisture, relative
humidity, wind speed, and a fire weather index (a nonlinear combination of temperature, wind speed, and relative hu-
midity) are skillful at weekly to seasonal timescales over much of the United States and for many global regions. These
experimental results suggest there is substantial forecast skill, out to at least a season, to be realized from current dy-
namical models.

1. Introduction experimental global forecasts come from the NCEP
Global Data Assimilation (GDAS) 0000 UTC opera-
The Scripps Experimental Climate Prediction Cetional analysis, which is available nearly every day in
ter has been making experimental, near-real-timmear—real time on NCEP rotating disk archives, to in-
long-range global dynamical forecasts since 27 Sdprested researchers. Transforming NCEP’s higher-
tember 1997. Images from these forecasts are regulaglsolution operational analyses to lower- (vertical and
shown on its World Wide Web (WWW) site (http:/horizontal) resolution initial conditions for the global
ecpc.ucsd.edu/; see Roads et al. 2000b). The glainaldel, 7-day global forecasts are made every day and
model used for these forecasts is the National Centevery weekend, these global forecasts are extended to
for Environmental Prediction’s (NCEP’s) global spect2 weeks. A sufficient number of these experimental
tral model (GSM; Kalnay et al. 1996; Roads et dorecasts have now been made (104; once a week for
1998, 1999) used for the NCEP-National Center ftire period Oct 1997—Oct 1999) to begin estimating the
Atmospheric Research (NCAR) reanalysis. The initifdrecast skill.
conditions and SST boundary conditions for these Since these experimental long-range forecasts ex-
tend well beyond traditional atmaospheric predictabil-
ity limits (e.g., Lorenz 1965, 1982), it is important to
_— _ o _ _ . stress that the foundation for this type of long-range
*OExperlmentaI Cllmf’;\te P_redlctlon _Cent_er, Scnpp_s Institution i:%:ediction is probably based upon the interaction of
ceanography, University of California, San Diego, La Joll . . .
California. the chaotic atmosphere with slowly varying boundary
*Riverside Fire Laboratory, U.S. Forest Service, Riversidéonditions. Persistent boundary conditions include
California. anomalous sea surface temperatures (SSTAS), soil
t(ltl)glesmt)ngin% _at{thO(r:adtdreéir; Johln % |?_Oadsf7OEXI09“me“'moisture (see, e.g., Huang et al. 1996; Fennessy and
al Imate Fredaictuon Center, SCripps Institution or Oceanogra
0224, University of California, S:r? Diego, La Jolla, CA ngoglf?hUkla 1.999)’ a’?d snow (see MarSha” et al., 2000,
E-mail: jroads@ucsd.edu _manuscrlpt submitted #@nn. GIaC|oI)_. In that regard,
In final form 12 September 2000. it should be noted that slowly varying boundary con-
©2001 American Meteorological Society ditions are externally provided to the global forecast
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model by persisting the initial SSTAs throughout thereased predictability during previous ENSO events
entire forecast. Internally, the model's persistent s¢dee Barnston 1994; Brankovic et al. 1994; Kumar and
moisture, which provides an intrinsic low-frequencifdoerling 1998). Other caveats about our evaluation
land forcing, especially during the summer when théll be discussed later.
surface fluxes are positive, may also be influential. The In section 2, we briefly describe the global spec-
model’'s forecast snowfields may also be importarital model, as well as the initial conditions and vali-
especially during springtime, since their presence daiting analysis. Section 3 discusses our error and skill
absence can have a large impact upon atmospher&asures. Section 4 describes geographic character-
fields (although it will be shown later that the lowesstics of seasonal forecasts. Section 5 describes tem-
skill tends to occur during spring). In brief, it is thiporal characteristics of seasonal forecasts. Section 6
persistent surface forcing that dynamical as well describes the ensemble forecast skill of weekly to sea-
statistical models are presumably exploiting for makenal forecasts. Conclusions are provided in section 7.
ing skillful long-range predictions.

Systematic dynamical long-range forecast experi-
ments, like those evaluated here, began many years2gdools and methods
as part of the dynamical extended-range forecast ex-
periments by NCEP (see, e.g., Roads 1989; Tracton Global spectral model
et al. 1989; Barker and Horel 1989). Due to the com- The GSM used for this study is based upon the
puter limitations at the time, only 30-day forecastdedium-Range Forecast (MRF) Model used at NCEP
were made for a limited time period (90 days). Wittor making the four-times-daily GDAS analysis and
the advent of newer and better forecast models dndmaking the long-range (6—14 day) predictions. This
faster computers, dynamical seasonal forecasts h&®&M, which has undergone steady improvement for
subsequently become more commonplace and sevamblmber of years (see Caplan et al. 1997), became on
long-range forecast experiments, mainly focused upbd January 1995 the basic global model used for the
Northern Hemisphere winter, have begun to be dCEP-NCAR reanalysis (hereafter referred to as
ported on in the literature (see, e.g., Kumar et al. 1998CEPR; see Kalnay et al. 1996).
Anderson et al. 1999; Shukla et al. 2000; Brankovic The GSM uses a primitive equation or hydrostatic
and Palmer 2000, manuscript submitte®@taart. J. system of virtual temperature, humidity, surface pres-
Roy. Meteor. Sog. sure, mass continuity, vorticity, and divergence prog-

The purpose here is to evaluate the forecast skilgstic equations on terrain-following sigma (sigma is
errors, and biases of two complete years of weeklydefined as the ratio of the ambient pressure to surface
seasonal forecasts. Now, it is sometimes argued thedssure) coordinates. Our particular version of the
since long-range experiments provide only limited ai&iSM uses spherical harmonics with a triangular trun-
probabilistic forecast skill, an ensemble approachdation of T62 and 18 irregularly spaced vertical lev-
needed to provide increased significance for speciéits (L18T62). These levels are concentrated near the
forecasts. Although we do not have the computer dawer boundary and tropopause.
pacity to make ensemble forecasts on a regular basis As discussed by Hong and Leetma (1999; see also
it should be noted that our skill evaluation is made #¢tong and Pan 1996), the physics package for the GSM
an ensemble of 104 forecasts. This large ensemblaidudes longwave and shortwave radiation interac-
more than sufficient to provide an estimate of the ctions between cloud and radiation; boundary layer
matological average and distribution of typical forgagrocesses, such as shallow clouds and convection;
casts for at least the available forecasts. As will lErge-scale condensation; gravity wave drag; and en-
shown, there is substantial skill in these long-ranganced topography. Vertical transfer throughout the
predictions. However, a major caveat is that our longeposphere, including the boundary layer, is related
range forecasts during the evaluation period may teeeddy diffusion coefficients dependent upon a
overly predictable because of a strong El NifidRichardson number—dependent diffusion process
Southern Oscillation (ENSO) cycle. That is, there mdl{anamitsu 1989). For large-scale condensation, the
be strong and persistent tropical forcing associat&$M has a vertical iteration starting from the top
with the large tropical sea surface temperature anora@ma level that checks for supersaturation at each
lies of the 1997-98 EI Nifio and 1998-99 La Nifia. level. Supersaturated layers are set to a saturated state
fact, a number of papers have commented upon thedned excess water is precipitated. Lower layers evapo-
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rate or augment this precipitation until it reaches tlierecast skill of this global model as soon as we can
surface in the form of rain or snow (depending upaftain a similar number of forecasts.
whether the lowest sigma layer is below freezing.

A key parameterization development for the GSM. Initial conditions
was the innovative land surface parameterization The initial conditions for the GSM forecasts come
(LSP), which underwent a radical change from thHeom the NCEP GDAS operational analysis (L28T126),
former bucket model. The new LSP (see Pan 199@ich is posted in a timely fashion on a rotating disk
consists of two soil layers in which soil moisture anarchive at NCEP. We have managed to access these
temperature as well as moisture present in the vegéitial conditions almost every day for the 0000 UTC
tion and snow are carried as dependent variablasalysis from 27 September 1997 to present (28LT126
Exchange between the two soil layers is modeled aarelyses were available from 0000 UTC 27 Septem-
diffusion process. Evaporation occurs from bare sdiler 1997 to 0000 UTC 16 March 2000; thereafter
leaf canopy, as well as transpiration through leaf s#2LT170 became available). These higher-resolution
mata. Chen et al. (1996) made further improvemeitsalyses are then transformed to lower-resolution ini-
(see also Betts et al. 1997) to NCEP’s associated Eshconditions (18LT62) by linearly interpolating be-
Model, and these changes are being incorporatedvireen vertical sigma levels, spectrally truncating the
more recent versions of the GSM. spectral components, and bilinearly interpolating the

Another key GSM Development effort has been cohigher-resolution surface grids to our lower-resolution
cerned with the cumulus convection parameterizatiarjds (and land mask). We have also tried to access
which currently uses a simplified Arakawa—Schubeiriitial conditions for the three other analysis times
(SAS; Arakawa and Schubert 1974) parameterizatig@600, 1200, 1800 UTC) but have been slightly less
Pan and Wu (1995), following the Grell (1993) sinmsuccessful. Also, on 27 September 1999, there was a
plification, developed this for the NCEPR. SAS rdire at NCEP that severely impacted the computer sys-
moves large-scale instabilities by relaxing temperatumm and since then only twice-daily analysis times
and moisture profiles toward prescribed equilibriuf®000, 1200 UTC) were made available for initializa-
values on a prescribed timescale. The convectithon and validation.
scheme also allows entrainment into the updraft and The GSM LSP is capable of changing the surface
detrainment from the downdraft between the leviand conditions (snow and soil moisture), and thus
from which the updraft air originates and the level @inly initial conditions are needed over the land re-
free convection (LFC). The level of maximum moiggions. However, ocean conditions must be specified
static energy between the surface and 400 hPa is ubadhg the course of a prediction. We change the SST
as the level from which the updraft air originateglimatological component continuously throughout
Convection is suppressed when the distance betwé#smintegration, and persist the initial SSTA through-
the updraft air originating level and the LFC exceedsit the forecast integration. The sea—ice distribution
a certain threshold (150 hPa). Cloud top is determinisdonly changed climatologically. Obviously it is of
as the first neutral level above the cloud base. interest to eventually use coupled ocean—atmosphere

It should be noted that a number of more recambdels as well as coupled land—atmosphere models
improvements have been implemented in NCEP mdd- make seasonal predictions. Unfortunately, no
els, which may ultimately prove useful in increasingoupled ocean—atmosphere model has yet been shown
the forecast skill (see, e.g., Hong and Leetma 19%@iperior to simply persisting the SSTA for at least the
M. Kanamitsu 1999, personal communication). In thétst 12 weeks.
regard, it is our intention to eventually transition our
forecast system to a more recent version of the NCEP Validating analyses
model and to reexamine the skill in the new system. Although the operational GDAS analyses are suf-
It should also be noted that a regional spectral modielent to start our GSM forecasts, they are not suffi-
(see Juang and Kanamitsu 1994; Chen et al. 196@&nt to evaluate the desired forecast variables. For
Anderson et al. 2000; Roads and Chen 2000), with #xeample, only atmospheric state variables such as tem-
same basic parameterizations as the GSM, is also jperature, humidity, winds, surface pressure, and sur-
ing used to make higher-resolution forecasts for sgaee state variables, such as soil moisture and snow,
cific regions. The forecast skill of the higher-resolutioare available in the GDAS sigma files and surface files.
forecast model will eventually be compared to th&nother file, the so-called flux file, developed from 6-h
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forecasts with the MRF models contains near-surfaalso provides higher temporal resolution pentad means
information such as maximum and minimum 2-mostly from satellite and gauge measurements (nu-
temperature; humidity; 10-m winds; and surface laserical weather prediction estimates are mainly used
tent, sensible, radiative, and top-of-the-atmosphereoaly in high latitudes to fill in missing grid points).
diation fluxes; and precipitation. These GDAS fluXhese pentads were interpolated into weekly means
files were more difficult to access initially and it wagby first interpolating them into daily means and then
not until 15 March 1998 that we were successful subsequently accumulating the daily values into
getting the four-times-daily flux files to evaluate ouwweekly means). This analysis will be referred to as the
forecasts. These analysis files then formed our ba¥ix or Xie and Arkin analysis.
validation dataset until the NCEP fire (27 September
1999) at which point only twice-daily GDAS flux filesd. Forecasts
became available and adversely affected the daily av-Seven-day GSM forecasts are made and displayed
erages we were making from the four-times-dailyn the WWW every day and digital files are trans-
forecasts. Although we could have also used tfexred to an anonymous FTP site in order to provide
NCEP reanalysis files to validate the model (and vgeneral information to interested researchers as well
did use these to develop preliminary climatologies to develop the basic 1-day validating analysis.
before we had the GDAS files), we were never abldese daily forecasts are also used to drive associated
to access these files in as timely a manner as thgional models, which will be discussed in another
GDAS files. paper. Here we examine the 12-week GSM forecasts,
To extend backward the validation forecast periaghich are made only once a week (every weekend
to the time when we first started archiving initial statewhen the greatest computer capacity is available).
to extend a consistent validation beyond the NCHPese 12-week forecasts are then archived into weekly
fire, and to have available in near-real time validadverages, which can be further averaged into three
ing observations, we ultimately decided to develop ommonthly (4 week) averages and a seasonal (12 week)
own flux files. Therefore, for our main validation efaverage. Because of limited archive capacity, we de-
fort, we now use 1-day forecasts made every day franded not to evaluate timescales of less than a week,
0000 UTC analysis initial conditions. There are onlgt least initially.
three missing 0000 UTC initial states in more than a
2-yr period and for these periods we used a previous
2-day forecast to generate the associated daily fl@x Skill evaluation
files. These 1-day forecasts are not exactly the same
as the operational analysis, which is based upon four-A basic evaluation of forecast skill is concerned
times-daily 6-h forecasts from the latest high-resolutievith the average difference or bias of the forecasts:
global model, or the reanalysis, which is based upon
four-times-daily 6-h forecasts with the model we use Bias= [F -O] = [F] —[O]
for our forecasts, but they do form a useful approxi-
mation that can at least be used to estimate foreaabere [. . .] indicates a climatological average, which
skill upper bounds. As we shall see, forecasts validaisdime (monthly and forecast lag) dependérig the
against these 1-day forecasts are slightly more skitbrecast average (weekly, monthly, seasonal);@nd
ful than forecasts validated against NCEP’s operia-the corresponding validating observation or analy-
tional analysis. For future reference, the validatirgges with the same time averages. The ensemble aver-
1-day forecast analyses will be referred to as the ¥die can also be a spatially (cosine) weighted average:
or 1-day forecast analysis and the more-limited GDAS
operational analysis will be referred to as the VO or {Biag={[ F]} —{[ O},
operational analysis.
Although the 1-day forecast analysis validation sethere {. . .} indicates the spatially (cosine) weighted
is certainly useful in the absence of other validatirayerage.
datasets, at least there are better approximations to th&Ve develop climatological averages of weekly to
global precipitation. In particular, Xie and Arkinseasonal forecasts. In that regard, biases can have a
(1997) have developed a global precipitation dataseiasonal dependence. As will be shown, for spatial
that not only extends back to 1979 monthly means lawterages over the U.S. land area, there is a tendency
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for seasonal temperature forecasts to have a negalesv a correlation can be calculated for each grid point
bias during the fall and a positive bias during the give spatial maps of the ensemble correlations for
spring, suggesting a shifted GSM seasonal cyctecomplete annual cycle. For 104 (once a week from
Biases can also have a geographic dependence. As@uit 1997 to Oct 1999) independent forecasts, a corre-
be shown, the northern tier of states has a warm Hit$on above 0.16 is considered significant at the 95%
and the southern tier of states has a cold bias. AlEyel (see von Storch and Zwiers 1999). Allowing for
biases depend upon forecast lag. Forecast biasestone degree of dependence between the weekly fore-
the 1st week are different from the forecast biases t@sts of seasonal means, we only plot correlations
the 12th week. For example, initial GSM soil moisabove 0.2 in the geographic maps (Figs. 1-6) of sea-
ture and relative humidity are wet but by the 12th wesknal forecast mean correlation.
become dry. Biases thus depend upon averagingCorrelations can also be calculated for various
length; seasonal biases are likely to be different fraomain averages to provide an instantaneous average
weekly biases. value, which can also be used to estimate how signifi-
Another skill evaluation is concerned with howeant ensemble averages are. In this case the time-
well the model forecasts anomalies from the mean alarying correlations consist of areally weighted grid
matological state. It is usually quite difficult for dypoints for each forecast:
namical models to exactly reproduce the mean state,
even though they can still forecast the variations about o , )
the mean state. To evaluate the skill of these anomalyyr(t) = {F O} _{ F }{O} _
forecasts, we remove the associated (forecast or ob- ({ |:r2} ~{F} 2)]/2 ({ 0'2} ~{o} 2)”2
served) climatological state for each grid point, for
each initial state month, and for each forecast lag time.
Averaging each monthly average with a three-poiBly calculating the temporal variations of areally av-
Shapiro temporal filter removes noisy two-gridpoirgraged correlations, one can estimate the standard de-
temporal variations in the monthly climatologies. Théations of each areally weighted ensemble forecast
anomalies are then defined separately for the forecastrelation. That is, the standard deviation of the spa-
F, and validating analysi€), by tial correlations provides a measure of the climatologi-
cal uncertainty for each forecast variable. This
F' =F-F] correlation can then be further transformed to a nor-
mal variable (see Roads 1989) although this makes
and only a small difference in practice.
Unfortunately, this measure of uncertainty breaks
O =0-0Q]. down for geographically small areas where the ob-
served and forecast variations can be of one sign; that
Now one useful measure of anomalous skill is an rrgs for small areas ' } and {O' } can be nonzero in-
measure: stantaneously, even thougi{{}] and [{O' }] are zero.
Although removing the spatial average presumably
rms=[F -0 )32 affects both the numerator and denominator, in prac-
tice it appears to reduce the numerator more. Thus
whereQ' is the observed deviation. However, unless
one knows what the background rms is in the absence [COR()] canbe noticeably smaller than
of no skill, [F' 240" 3]*2, an rms value does not imme-
diately indicate if the forecasts are good or bad. [{ F’O’}] —[{ F’}][{O'}]
In that respect, correlations provide normalized

values as well as a body of standard literature about ([{ F'Z}] -[{ F'}]Z)m([{o'z}] ‘[{0'}]2)]/2 |
them that can be used to evaluate skill significance:

B [FO]-[F]O] Because of this areal mean problem in calculating in-
COR = F2] _[ET? 72 o?]-[oT vz stantaneous correlations for small areas, the normal-
([ ] [ ] ) ([ ] [ ] ) ized covariance was used to estimate the skill
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significance for individual times (see Figs. 7-12). Thatoser to time- and space-averaged correlations, which

is, validates the use of instantaneous normalized covari-

ance to estimate the significance of the ensemble cor-

relations. It should be further noted, however, that it

is mainly the time average that is affected by the choice
12 12 . . .

({FrZ}) ({0,2}) of normalized covariance or correlation. Temporal
variations in normalized covariance are actually quite
comparable to temporal variations in correlation.

and then becausk'[] and [O' ] are identically zero for ~ Anyway, our measure of uncertainty here for an

the climatological mean, individual spatially averaged forecast will be two stan-

dard deviations of the normalized covariance. That is,

Cov(t) =

[{Fo}] -[{F}{0}]

(e H-tee31)" (o} -enr)”
This provides significance at the 95% level. It should
Indeed, time (actually ensemble) averages of the telpe-further noted that the standard deviatigrfor an
porally varying normalized covariance were mucbnsemble oN independent forecasts is

[cov] O

V = 2[(COV -[COV])7*
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Fic. 1. The 2-m temperature seasonal predictions (Oct 1997—Oct 1999; 104 forecasts): (a) GSM seasonal mean, °C; (b) U.S. focus
(c) GSM-V1 analysis mean, °C; (d) U.S. focus; (e) global correlation (GSM, V1 analysis); and (f) U.S. focus.
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U =VINY2 4. Geographic characteristics of
seasonal forecasts
It should be noted that the amount of serial depen-
dence depends upon forecast variable as well as averin this section we describe global characteristics
age, lag, etc. We assume this serial independewnfthe seasonal mean (12-week average) forecast fields
mainly for simplicity, recognizing that we could thereand their biases and correlations with respect to V1 and
fore overestimate the significance. In summary, ¥X. Both global and focused U.S. views are shown.
evaluate the significance of the areally and temporallye examine six variables that we have regularly dis-
(ensemble) averaged forecasts, we assume thatplaged on the WWW: 2-m temperature, 2-m relative
skill is significantly different from zero if the corre-humidity, 10-m wind speed, soil moisture (vertically
lation minusU, which is an estimate of two standarihtegrated soil moisture in the upper 2 m of soil), pre-
deviations of the ensemble mean, is greater than zeipitation, and a fire weather index. The basis for the
As will be shown, almost all forecasts thus appearfice weather index (FWI) was described by Roads et al.
be skillful, although some are obviously more skill1991, 1997). Suffice it to say that the FWI represents
ful than others. a simplified index for fire potential that has proven
useful in several cases (including the recent, May
2000, Los Alamos fires), although even more compre-
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GSM PRECIPITATION
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LT g e B = ——
Sy o W em T Nedor sl s 5
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Fic. 2. Precipitation seasonal predictions (Oct 1997—Oct 1999; 104 forecasts): (a) GSM seasonal meah),(bjndByfocus;
(c) GSM-VX analysis mean, mm dayd) U.S. focus; (e) global correlation (GSM, VX analysis); and (f) U.S. focus.
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hensive measures, which include vegetation charactarthe eastern equatorial Pacific, Atlantic, and south-
istics, are currently used by the U.S. Forest Serviem Irdian Oceans, as well as a few land regions. The
(USFS) to forecast daily fire danger. lowestskill appears over equatorial Africa and in the
As shown in Figs. 1a,b, GSM seasonal forecasts foaring 50°s of the Southern Hemisphere. Over the
the daily averaged 2-m surface temperature provid&aited States the forecasts are most skillful along the
typical 2-m-temperature field, high in the Tropics angest coast (0.8) and lowest along the east coast
decreasing toward high latitudes and elevations. T{te4). Especially low skill is found in the Caribbean
continents modify the relative zonal symmetry; coas@er Haiti. In general the seasonal forecast skill of tem-
temperatures tend to be lower on the western boundagpiesdture is quite high and significant. Since the forecast
and higher on the eastern boundaries. Figures 1skil of this field is related to persistent SSTAs, it would
show there is a tendency for the forecasts to have a stmallof interest to eventually compare thesedasts
cold bias over middle, low, and southern latitudes andth forecasts using observed and climatologh&il As
a warm bias over high northern latitudes. Over the better understand current and future (coupled
United States, the bias is small. The correlation of seaean—atmosphere) temperature prediction capability.
sonal mean forecasts (Figs. 1e,f) is quite high just GSM seasonal forecasts for the daily averaged pre-
about everywhere. Globally, the highest skill is fountlpitation have a characteristic global precipitation
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Fic. 3. Relative humidity seasonal predictions (Oct 1997—-Oct 1999; 104 forecasts): (a) GSM seasonal mean, %; (b) U.S. focus; (c)
GSM-V1 analysis mean, %; (d) U.S. focus; (e) global correlation (GSM, V1 analysis); and (f) U.S. focus.
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field. Maximum precipitation occurs over the interan associated (monthly and forecast lead time) clima-
tropical convergence zones as well as over contineritdbgy removed before evaluating the correlations. The
coastal regions (Fig. 2a). Over the United States (Fig. ZABasonal mean forecast correlations are statistically
the precipitation is especially strong over the nortiignificant in several global regions—mainly those as-
west and southeast. This seasonal forecast field basiated with the ENSO phenomenon in the Pacific
considerable bias with respect to the validating anabnd Indian Ocean (Fig. 2e). Over the United States, the
sis. Seasonal precipitation forecasts diminish in ampirrelations are especially strong along the west coast,
tude, especially over the western tropical oceans (Fig. 23tending across the southern tier of states, and on up
while eastern tropical oceans have a wet bias, as do riié-east coast (Fig. 2f). The least skillful seasonal fore-
latitude regions. Over the United States, the differencasts occur over the central part of the country.

is positive over the northwest and negative over the GSM seasonal forecasts of the daily averaged 2-m
southwest (Fig. 2d). In high latitudes, the spectral noisdative humidity field have characteristic high uni-
of the reanalysis model (Roads et al. 1999) is notiderm values over the oceans (Fig. 3a), with the lowest
able. It should be noted again, however, that the biagues in the tropical oceans and the higher values in
is taken into account before evaluating the correlatiotise polar oceans. Land regions, especially subtropical
That is, as discussed previously, each forecast lead teggons, have relatively low relative humidity, reflect-
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Fic. 4. Wind speed seasonal predictions (Oct 1997—-Oct 1999; 104 forecasts): (a) GSM seasonal néanUns sfocus; (c)
GSM-V1 analysis mean, nt;4d) U.S. focus; (e) global correlation (GSM, V1 analysis); and (f) U.S. focus.
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ing, presumably, the relatively low evaporation frorthe exception of the tropical oceans, which have high
the drier land surface. Over the United States (Fig. 3jll in the eastern tropical Pacific, presumably due to
the relative humidity is lowest in the southwest. Athe strong SST signal. Note, however those correla-
shown in Figs. 3c,d, there is a tendency for the fott@ens are low over the equatorial regions, which does
casts to have a positive bias over middle latitudes arat correspond to the high correlation found for pre-
a negative bias over tropical regions. Over the Uniteipitation forecasts in this region. Getting both the pre-
States, the bias is positive to the north and negataipitation and relative humidity forecast accurately
toward the south, except for the tongue of higlappears to be a critical problem with this model. It
elevation bias extending to Mexico. Again, the higishould also be noted that areas with large biases do not
latitude spectral noise is noticeable. Again, this biagcessarily have low skill and areas with low biases
is removed before calculating the correlation. The cate not necessarily have high skill. Whether variations
relation of seasonal mean forecasts (Figs. 3e,f) is hiyle easy or difficult to predict is not necessarily de-
mostly over land regions; although over the Unitgekndent upon getting the climatology right.

States the Rocky Mountains show a smaller correla- The GSM seasonal forecast wind speed is a maxi-
tion. Extremely low skill is found in the Caribbeanmum over the oceans (Fig. 4a), especially in the mid-
consistent with the low skill in temperature forecaslatitude westerlies. It is weaker in the subtropics (horse
there. The lowest skill appears over ocean areas wititudes) and near the equator (doldrums). Over the
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Fic. 5. Soil moisture seasonal predictions (Oct 1997—0Oct 1999; 104 forecasts): (a) GSM seasonal mean, mm; (b) U.S. focus; (c¢)
GSM-V1 analysis mean, mm; (d) U.S. focus; (e) global correlation (GSM, V1 analysis); and (f) U.S. focus.
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United States (Fig. 4b), there is a relative maximum The GSM seasonal forecast soil moisture (Figs. 5a,b)
in the north-central part of the country. As shown is similar to the relative humidity field over land in that
Figs. 4c,d there is a tendency for the forecasts to hdlve subtropical deserts, especially the Sahara Desert,
relatively weak winds just about everywhere, espbave relatively low values of soil moisture. Higher
cially over the tropical oceans. It is critical to take thigalues occur in high latitudes and on the eastern por-
relative weakness into account when using this modiehs of the continents. Over the United States, the soil
to drive ocean models [Auad et al. 2000, mauscrimipisture is high in the northwest and east and rela-
submitted tal. Geophys. Res. (Oceansgjortunately, tively dry over much of the west. Figures 5c¢,d show
the correlation of seasonal mean forecasts (Figs. 4&h8 biases of seasonal forecasts with respect to the vali-
is quite high in limited regions. Over the United Statedating analysis, and basically there is a tendency for
the correlation is strong over the eastern part of ttihe forecasts to have a low bias over middle latitudes
country and along the central California coast. In tlaead a positive bias over high northern latitudes and
West, the wind speed correlations are low, especialtgpical regions. Globally and over the United States,
in the Northwest and farther down, at the tip of Bajthe bias is noticeable and is related to the biases in the
This indicates that removing the wind speed bias witirecast precipitation field. For example, the previ-
be critical before using this model to force ocean andsly mentioned high-latitude forecast spectral noise

fire danger models. shows up especially strongly in the soil moisture bi-
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Fic. 6. FWI seasonal predictions (Oct 1997—-Oct 1999; 104 forecasts): (a) GSM seasonal mean, (b) U.S. focus, (c) GSM-V1 analy-
sis mean, (d) U.S. focus, (e) global correlation (GSM, V1 analysis), and (f) U.S. focus.
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ases. The seasonal forecasts show considerable skdt,include vegetation stress, which must somehow be
comparable to the skill previously shown for the tennelated to soil moisture, and which is better incorpo-
perature field. Globally the correlations are fairly highated in standard fire danger indices (see, e.g., Roads
just about everywhere (Fig. 5e). Over the Unitest al. 2000a). There is a tendency for the forecasts to
States, there are relatively low correlations along thave a negative bias (Figs. 6¢,d), which can be traced
Front Range for the relative humidity (Fig. 5f)to the tendency for the model to have relatively high
Everywhere else the correlations are especially strongjative humidity over the land regions and a negative
ranging from 0.6 to 0.8. As shall be shown later, allind bias. Still, seasonal forecast correlations (Figs. 6e,f)
of this forecast skill is presumably related to thare high over much of the United States, except for the
low-frequency variability of this field. In that regard=ront Range of the Rocky Mountains. Globally the
it appears to be more important to obtain an accurhtghest forecast correlations are found over most land
soil moisture analysis for initializing the model tharegions with the major exceptions being the northwest-
it is to make the actual forecast. ern United States, Africa, and South America regions.

The GSM seasonal forecast FWI, which basicallyhe correlation pattern resembles more the relative hu-
reflects wind speed and relative humidity, is the imidity correlation pattern (instead of the wind speed
verse of the relative humidity and soil moisture andgsrrelation pattern), indicating that it is the relatively
relatively high in those regions of low soil moisturaccurate forecasts of relative humidity, more than wind
and relative humidity (Figs. 6a,b). Although variationspeed, that provide some skill for the forecast FWI at
in the FWI are also reflected by the wind speed, it ddesg (seasonal) timescales.

_ 5. Temporal
M aans , l./.\‘ R S characterisﬁcs
of seasonal forecasts

Let us now consider the tempo-
' ' ral characteristics of forecast aver-
ages for global (only land regions
with latitudes less than 60° are in-
cluded for soil moisture and the
FWI) and U.S. land regions. All
) | | seasonal temporal variations (Figs.
e 1—12) are plotted with respect to
' the validating time. In the case of
| seasonal forecasts, we choose the
~ _ : fils | initial time (which is how all the
NN R et ] P My A ¥ | forecasts are tracked) plus 6 weeks
VT R ) v S forthis validation time. Again, our
1-day (V1) forecasts and the Xie
_ .- and Arkin precipitation (VX), al-
M s ML o J% Ly o1 though we also compare forecasts
/o " 1 L Lo LSt to the VO analysis. It should be
. noted that V1, VO, and VX analy-
ses have a distinct correlation with

o each other that is always higher
Fic. 7. The 2-m temperature seasonal forecast temporal variations (Oct 1997@;.‘ any forecast validation corre-

1999; 104 forecasts; smoothed by five-forecast running mean): (a) global, GSM (sqlid) . .
V1 (dashed), °C: (b) United States; (c) global GSM-V1 (solid), GSM-VO (dashed), &&ion (not shown). That being said,
(d) United States: (e) global GSM (solid), V1 (dashed) rms, °C; (f) United States:{i§re is a smaller correlation be-
global (GSM, V1) (solid), GSM, VO (dashed), normalized seasonal covariance; andWtgen the forecasts and the VO or

United States. VX analyses than between the fore-
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casts and V1. This is not unexpected even thougltdncerned with absolute values. Despite this strong
should be stressed that evaluations using VO ocdtims, the variations in the seasonal forecast are compa-
over a more limited period. rable to the analysis variations (Figs. 8e,f). Figures 8g,h
Temporal characteristics of global and U.S. (larghow that skill has a seasonal pattern, with the lowest
only) temperature variations with respect to two seikS. skill occurring during the summer to fall seasons.
of validating analyses, V1 and VO, are shown ifihese seasonal forecasts have small but significant
Fig. 7. Note that the seasonal forecast temperatakdl in many places.
fields are quite consistent with the validating analy- Temporal characteristics of global and U.S. (land
sis (Figs. 7a,b). In comparison to the strong seasooaly) relative humidity seasonal forecast variations are
variations differences between the validating analghown in Fig. 9. Seasonally, the highest relative hu-
sis and forecasts cannot be easily seen. The differemoatity occurs in the winter, especially over the United
only show up in the biases (Figs. 7c¢,d), which showssates (Figs. 9a,b). Note also the strong interannual
tendency for the seasonal forecasts, especially oversglgnal superimposed upon the seasonal U.S. cycle.
United States, to have a cold bias during the springke relative humidity was much higher during the be-
summer and a warm bias during the fall-winteginning of the period when the EI Nifio was affecting
Similar features occur for the global means. Note tithe United States and then became drier as the La Nifia
the model has the coldest bias with respect to thegan. Generally, the seasonal forecasts show little
GDAS operational analysis. Figures 7e,f show thiaias (Figs. 9c,d) with respect to the 1-day forecast V1
the seasonal forecast variances are slightly larger tlaaralysis but a large positive bias with respect to the
the analysis (V1) variations, but still faithfully repreeperational VO analyses. However, the same general
sent the intraseasonal variations.
Figures 7g,h show the temporal
variations in the global and U.S.
normalized covariance. Note tha .,
the normalized covariance calcu- -*, — 5
lated from the validating analysis -- AT N
datasets (V1) and the GSM see | | | SN R W
sonal forecasts are similar. Alsc '« i i -
note that skill has fairly strong tem-
poral variations but does not dem !
onstrate, especially over the Uniter
States, any significant seasone :
variation. The reasons for the -
strong intraseasonal variations it
skill are currently unknown.
Temporal characteristics of glo- - -
bal and U.S. (land only) precipita- - -
tion variations with respect to two . AN NN
sets of validating analyses (VXanc -l . . O Y N A P
VO) are shown in Fig. 8. It should VAN T I
be noted that the seasonal foreca -+ e o ol ol o it el A
precipitation fields show strong bi-
ases with the validating analysis
which in turn are somewhat differen _ )
(FIgS 8a,b). AS ShOWI’l in FIgS 8C,d T Rt T o . T T

the model is biased high with re-

spect to the operational analysifs Fic. E?[ Precipittiti(()jn;ez:_sonl?l forec?st temporal vari)ati(or)ls (IOt():t |19§;K/|Ogt 1I9d9)9;vl>(24
. orecasts; smootnhe Yy Tive-torecast running mean): (a) global, solid),

(VO) butnot with respect to the VX, 1o 1" 1 day (b) United States: (c) global GSM-VX (solid), GSM-VO (dashed),

analysis. Clearly even operational,, gay: (d) United States: () global GSM (solid), VX (dashed); rms, mr; q8y

analyses can have large biases aglited States; and (g) global (GSM, VX) (solid), GSM, VO (dashed), normalized sea-

one has to be careful to not get tosonal covariance; and (h) United States.

PRECIPITATION
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characteristics of relatively low relative humidity durdetermine why these two analyses (V1 and VO) indi-
ing the winter and relatively high relative humiditycate such different skill.
during the summer still seem to prevail overttimded Temporal characteristics of global and U.S. (land
States, indicating a reduced seasonal cycle setional only) wind speed variations are shown in Fig. 10.
forecast. The forecast variations (Figs. 9e,f) show thalobally, the wind speed is fairly constant, but over
the forecasts have slightly larger variations. Seasotta United States, the wind speed is much stronger dur-
forecast normalized covariance (Figs. 9g,h) is reliag the spring (Figs. 10a,b). The bias in the forecast
tively higher with respect to the 1-day forecast analwind speed is fairly noticeable with the forecast wind
sis, especially over the United States. The weakspted having a 10% low bias in wind speed. The bias
skill occurs during the summertime. Except for soniga bit larger if the operational analysis is used. Over
strong intraseasonal variations, the skill (normalizeéke United States, the wind speed was actually some-
covariance) of these forecasts is moderately high amdat larger than the V1 analysis during the early part
significant. Note the strong disagreement between thfehe period and lower during the latter part of the pe-
forecast skill using the operational and 1-day foréed. If the operational analysis is used, the bias is almost
casts, especially in early 1999. In that regard we natlevays negative, although still most strongly negative
that the early 1999 period relative humidity forecaduring the latter part of the period (Figs. 10c,d). By
skill with respect to the V1 analysis is consistent wittontrast, the forecast variations are much larger every-
the high forecast skill of the precipitation with respegthere by a noticeable amount (Figs. 10e,f). Despite
to the VX analysis. Further investigation is neededtioe various biases, the model at least provides a sig-
nificant forecast at seasonal time-
RH scales. The seasonal normalized
: covariance is on the order of 0.3 for
. a seasonal forecast (Figs. 10g,h).
— ——— - = A - The normalized covariance is only
? “sa_~  slightly lower, with respect to the
operational analysis. Seasonal
variations are relatively small,
except that the transition seasons
appear to be most difficult to accu-
rately forecast.

Temporal characteristics of glo-
bal (land only and latitudes less
than 60°) and U.S. (land only) soll
moisture variations with respect to
_ . two sets of validating analysis are

sl i | showninFig. 11. Like the relative
| et Y ¥ humidity (and to a lesser extent the
N oA : - precipitation) the characteristic soil
of the period and then dries consid-
erably during the latter part. These
_. 1. variations reflect the ENSO cycle
w7 variations, especially over the
v . United States (Figs. 11a,b). It
should also be noted that the sea-

sonal forecast soil moisture fields
Fic. 9. Relative humidity seasonal forecast temporal variations (Oct 1997-Oct 1% s. 11c,d) show weak dry biases

104 forecasts; smoothed by five-forecast running mean): (a) global, GSM (solid), V- : :
(dashed), % (b) United States: (c) global GSM-V1 (solid), GSM—VO (dashed), % Z%h respect to the validating
United States; (e) global GSM (solid), V1 (dashed) rms, %; (f) United States; (g) glmlyses’ indicating a tendency for
(GSM, V1) (solid), GSM, VO (dashed), normalized seasonal covariance; and (h) Urli®& model to be mostly dry, espe-
States. cially over the United States during

\\\\\\\\
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the summer. Figures 11e,f show
that the analysis and forecast GSM
variations are comparable albelg:
somewhat higher in the global and:?
U.S. forecasts, like all the othen 5
forecast fields. Figures 11g,h ShOV\’/5
that skill, as measured by normal-

GLOBAL GSM ANL.

a)

-

L L I L L I L L
JAN9B APR Juo OCT JAN99 APR Jup ocT
FCST

L I L L L I I L
JAN98 APR Jup OCT JANS9 APR Jup ocT
FCST

ized covariance, has a seasonalc/  C-U8AL GSMZANL - td) US GSM-ANL .
pattern, with the highest skill oc- ‘
curring during the wintertime, es- . o S
pecially over the United States.’; W - s
With respect to the operationat*, =~~~ "~ et

. . . . JAN9B APR JuL OCT JAN99 APR JuL acT JANG8 APR JuL OCT JAN99 APR JuL ocT
analysis, the seasonal variation is

e) GLOBAL GSM ANL. SD (f) SD

less noticeable and the skill is notice-
ably smaller, but still significant.
Figure 12 shows temporal char-’
acteristics of global and U.S. (Iandw
only) FWI variations. Like the soil ',
moisture, there is a distinct interan-
nual variation with lower FWI dur-
ing the first part of the period and *
higher FWI during the latter part of 3
the period (Figs. 12a,b). This varia- :
tion is notable, despite there being:
a substantial bias in the FWI, espe-
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cially V\{ith rggard tothe opgrati_ona}l Fic. 10. Wind speed seasonal forecast temporal variations (Oct 1997—Oct 1999; 104
analysis (Figs. 12c¢,d). This bias isorecasts; smoothed by five-forecast running mean): (a) global, GSM (solid), V1 (dashed),

due mainly to the substantial biasn s’ (b) United States; (c) global GSM-V1 (solid), GSM-VO (dashedy; fasUnited

in the relative humidity although States; (e) global GSM (solid), V1 (dashed) rmsin{fsUnited States; (g) global (GSM,
the model's weaker wind Speec}/l) (solid), GSM, VO (dashed), normalized seasonal covariance; and (h) United States.

also contributes. By contrast, the
forecast model standard deviations
are substantially stronger than the analysis standard
deviations especially over the United States during theor] =
springtime (Figs. 12e,f). The normalized covariance
is fairly significant and shows little seasonal variation
(Figs. 12g,h) but strong intraseasonal variation, esfg¥or bars £U) indicate an estimate for two standard
cially over the United States and especially when wfeviations in the ensemble forecast skill. These esti-
ing the 1-day forecasts to validate the seasomaéites are made by calculating the standard deviations
forecasts. of the normalized covariance of individual forecasts
(the normalized seasonal covariance was shown pre-
viously in Figs. 7-12). Also shown are monthly fore-
cast Q) and seasonal forecast skill (*) along with their
respective monthly and seasonal ensemble error bars.
There is significant skill at weekly to seasonal
timescales that is distinctly larger for the forecast
Figure 13 shows the ensemble (104 forecasts) Unsodel than persistence, for all variables except soil
average skill, as measured by spatially averaged cmeisture (Fig. 13e). Here the forecast model has less
relations for weekly GSM forecasts (thin solid linesykill than the initial state of the analysis, which is not
versus weekly persistence forecasts V1 (thin dashed dissimilar to what has been found from efforts to
line): forecast midlatitude sea surface temperature (see, e.g.,

[{rFo}]-[{F}]{o}]
{FH-tFr) ({o ] - o)

6. Ensemble forecast skill and
systematic bias of weekly to
seasonal forecasts
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SOIL MOISTURE dent grid points, variations in indi-
GSM Al vidual global forecasts are much
smaller and the significance of the
Lt LA N i . skill is therefore much larger, de-
U0 .m0 L i | ) . /7 | spite the lower overall skill.
| il ERLE ! Ik The model soil moisture pro-
vides similar but still somewhat
lower skill than the persisted soll
20 | moisture anomaly. These attempts
i il - . to predict soil moisture are similar
o SR b Vi to previous efforts to predict SST
from coupled models. Coupled
models have so far only succeeded
in making better SST predictions in
| i | the Tropics. Globally, SST and soll
il el A e s . moisture are still predicted better
Mmctesr i gl Rt e L o el /| by persistence, although, again, it
T a3 7 | isthis persistence that presumably
N e Al helps to provide the significant
forecast skill demonstrated in other
variables. In that regard, it should
be noted that the U.S. Forest Ser-
vice fire danger index (not evalu-
ated in this paper) includes a
number of vegetation characteris-
Fic. 11. Soil moisture seasonal forecast temporal variations (Oct 1997-Oct 19991 that presumably act like soil
forecasts; smoothed by five-forecast running mean): (a) global, GSM (solid), V1 (dasiaa@jisture. Thus fire danger has po-
mm; (b) United States; (c) global GSM-V1 (solid), GSM-VO (dashed), mm; (d) Uniteshtial long-range forecast capabil-
States;_(e) global GSM (solid), V1 (dashed) rms, mm; (f) Un_ited States; (9) glqbal (G8BMhat may be achieved in part by
V1) solid), GSM, VO (dashed), normalized seasonal covariance; and (h) United S %S'slowly varying initial state as
well as the faster varying and more
Miller and Roads 1990). For other variables, the skdifficult to predict near-surface wind speed and rela-
is significant out to 12 weeks, especially if 4-week avive humidity.
erages (monthly means) or 12-week averages (seaExcept for soil moisture, all variables show the
sonal means) are used. Presumably this time-averpgsitive influence of time averaging, indicating that
skill arises because of the persistent boundary confdirecasts of time averages, even for lags of 2 months,
tions. The skill is especially high for the temperatusill show significant skill. In the previous experiments
(Fig. 13b) and soil moisture (Fig. 13e). Precipitatiotiscussed by Roads (1989) time averaging did not
(Fig. 13a) appears to be the most difficult variable t@mve a strong impact, presumably because the forecast
forecast although wind speed (Fig. 13d) is also difime (up to a month) was too short to be influenced by
cult. Relative humidity forecasts (Fig. 13c) show relatowly varying boundary conditions. Now that we have
tively high skill, although given the strong influencéhe capability to make longer forecasts, time averaging
of temperature on relative humidity, this should pedoes seem to help. Note that seasonal forecast skill at
haps not be too surprising. Fortunately the FWkEro lag is also almost as good as forecasts of 1 month
(Fig. 13f) depends upon relative humidity as well @& zero lag, indicating the usefulness of dynamical
wind speed. For all variables, forecast skill over theodels (in a time-averaged sense) at this time range.
United States is slightly greater than the skill over the Figure 14 shows the average U.S. biases that de-
corresponding global (or global land) domain (natelop during the forecasts. As was previously shown,
shown). There are likely various reasons for this ithere is a significant amount of precipitation spindown
creased U.S. skill, including intrinsic skill. Because @Fig. 14a). Temperature (Fig. 14b) has a cold bias al-
the larger domain, and the greater number of indepémugh not as cold a bias if the model was being com-
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pared against the VO analysis (se FWI
Fig. 7). Relative humidity has a '* ' M Al '
small positive bias during the first

part of the forecast period, which -

then changes to a negative bias fc | [l ’ i
the longest lags (Fig. 14c). Since ©| °
V1 RH is so much higher than VO
RH, however, the RH would have "° '
a strong positive bias if comparec |
to VO. Wind speed shows an ini- '
tial small positive and then anega |
tive bias, decreasing to a minimun *|
during the third week and then in-
creasing slightly (Fig. 14d). Soil
moisture has a positive bias ini-. . | _
tially and then begins a strong de'* .~ _ | ’ Wliatby
crease that is still not finished atthe ~ " S~ N
end of the 12th week (Fig. 14e) | | 5
Because of the initial relative hu-
midity bias the FWI is too weak
initially but then becomes positive ||
with increasing forecast times -
(Fig. 14f). This change mimics the *|
RH variations although clearly the ‘|
wind speed bias is also important.
Similar biases occur over the glo- g 12. Fwi seasonal forecast temporal variations (Oct 1997-Oct 1999; 104 fore-
bal domain, with perhaps the mostasts; smoothed by five-forecast running mean): (a) global, GSM (solid), V1 (dashed);
noticeable difference being that theéb) United States; (c) global GSM—-V1 (solid), GSM-VO (dashed); (d) United States; (e)

biases in the precipitation and windlobal GSM (solid), V1 (dashed) rms; (f) United States; (g) global (GSM, V1) (solid),
: SSM, VO (dashed), normalized seasonal covariance; and (h) United States.
speed are set up more quickly an

the global wind speed is, on the
average, less than the analysis wind speed for all faiended to 12 weeks. Although the SST climatology
cast times. In short, it is important to recognize the imaries throughout the forecast, the initial SSTA is ar-
herent biases in the forecasts, for each geogragpiificially persisted throughout the forecast. Over 104
region (not shown), for each season (not shown), atiztweek forecasts have now been made (a 12-week
for each time lag, but to still recognize that despiferecast is made once a week; on 26 September 2000
these biases, skillful seasonal predictions of the will have 156 forecasts) and the purpose of this
anomalous variations can still be made, so long pagper was to describe the forecast system as well as
proper accounting for the biases are made. the various biases and errors. In brief, many relevant
near-surface meteorological parameters (including
temperature, precipitation, soil moisture, relative hu-
7. Summary midity, wind speed, and a fire weather index, which
is a nonlinear combination of weather variables) are
The Scripps Experimental Climate Prediction Ceskillful at weekly to seasonal timescales over much of
ter has been making experimental, near-real-time gibe United States and in many global regions.
bal forecasts since 27 September 1997. The globalSurface temperature forecasts are the most skillful,
forecast model is based upon the NCEP GSM (Kalnajth ensemble seasonal forecast correlations of 0.7 for
et al. 1996). The initial conditions and SST boundatiye United States and 0.62 for the globe. Precipitation
conditions come from the NCEP operational globabs much lower forecast skill, 0.3 over the United
analysis at 0000 UTC. Seven-day forecasts are m&tates and 0.24 globally. Relative humidity is a bit
everyday, and every weekend these forecasts arerarre skillful at seasonal timescales with correlations
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over the United States of 0.5 and
0.3 globally. Wind speed forecasts

AL A ML e AL D _ are more problematic with seasonal

I — : 1 — ~, forecast skill of 0.3 over the United
25 ] - States and 0.27 globally. FWI,
| i | {1l A which is a nonlinear combination

| |1 | Lup-] l e o of wind speed and relative humid-

————— o e ity’ has higher forecast skill, which
i Il presumably arises from contribu-

[ i : it ' ~—— tion of the relative humidity as well
il | | il . as wind speed to the FWI. Finally,
e et S 2| i t' soil moisture forecasts are skillful

| 1 Sy .+ b .} butshow no skill beyond what is

——— o ': e | available from S|mp|y persisting
I the initial state. Nonetheless, the

gD AT ' —— strong persistence of the soil mois-
,r ! - i | tureis presumably one of the con-
e il i | . trolling features on the ability of the

- Py 1 model to make skillful seasonal

e —— P e e forecasts of temperature and other
. o variables. It should in fact be noted
Fic. 13. The U.S. ensemble correlations (GSM, V1) for weekly GSM forecasts (sdlleiht for all other variables the
vs persistence forecasts (dashed). Correlations (GSM, V1) for monthly méaamsd ( model forecast skill is generally
seasonal means (*). Estimates of the ensemble forecast variations (discussed in the text .
are shown by the error bars for the weekly, monthly, and seasonal (GSM, V1) meQir a er than persistence. It ShOUId
(a) precipitation, (b) 2-m temperature, (c) relative humidity, (d) wind speed, (¢) 830 be noted that forecast skill al-
moisture, and (f) FWI. most always increases with averag-

ing length. This is due in part to the
inclusion of skillful initial fore-
e casts; however, even monthly fore-
""""" ————— casts with 2-month lags are more
. skillful than corresponding weekly
forecasts with similar lags, indicat-
ing the positive influence of time
averaging here.

Even better weekly to seasonal
forecasts can probably be made.
Now that we have examined the
forecast skill of this model, we in-

: : . tend to upgrade it to the latest op-
....... - el’ational model and repeat the
3GM- A M- comparisons. A number of notice-
able improvements have been
made since this model was frozen
for the first NCEP reanalysis and
many of these improvements were
incorporated in the NCEP rean-

Fic. 14. The U.S ble f t bi (GSM-V1) f kly GSM f aIySiS 'l model (See Kanamitsu
i6. 14. The U.S. ensemble forecast biases — or weekly orecas}s: . )
(a) precipitation, mm day (b) 2-m temperature, K; (c) relative humidity, %; (d) win _{al' 2000). M:’my regl_onal exten
speed, m% (e) soil moisture, mm; and (f) FWI. sions to ECPC'’s experimental glo-
bal forecast system are also under

development. In particular, the
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GSM currently forces a regional spectral modélaplan, P.,J. Derber, W. Gemmil, S.-Y. Hong, H.-L. Pan, and D.
(RSM' Juang and Kanamitsu 1994: Juang et al. 1997’3arrish, 1997: Changes to the 1995 NCEP operation medium-

in order to gain increased spatial resolution (50— [r"j‘ggfzf"ggﬁ?grzc’de' analysis-forecast systéea. Forecast

25_'km resolution) for Shorte_r t'_mescales (four “m%;nen, F., K. Mitchell, J. Schaake, Y. Xue, H. Pan, V. Koren, Q.
daily, 4 weeks) for several limited regions (see also puan, and A. Betts, 1996: Modeling of land-surface evapora-
Chen et al. 1999; Roads et al. 2000b). The GSM out-tion by four schemes and comparison with FIFE observations.
put will also eventually be used to force regional mod- J- Geophys. Resl01,7251-7268.

els at other application centers (see, e.g., Stevens M S-» J. Roads, H.-M. H. Juang, and M. Kanamitsu, 1999:
2000). The GSM also forces a single-column model lobal to regional simulation of California’s wintertime pre-
) 9 cipitation.J. Geophys. Reslp4 (ND24), 31 517-31 532.

(S. Ie_lcope”is and R. Somerville 2000, personal COlflsnnessy, M. J., and J. Shukla, 1999: Impact of initial soil wet-
munication), as well as an ocean model [Auad et al.ness on seasonal atmospheric predicfio@limate12,3167—
2000, manuscript submitted th Geophys. Res. 3180.

(Oceans), which will eventually be coupled to the atGrell, G., 1993: Prognostic evaluation of assumptions used by

- A cumulus parameterizatiohlon. Wea. Rev121,764—787.
mOSphenC model. Limited output products from thlglong, S.-Y., and H.-L. Pan, 1996: Nonlocal boundary layer ver-

GSM and RSM ara_lso _belng used for a wide variety .4 ditfusion in a medium-range forecast modiébn. Wea.
of experimental applications (Roads et al. 2000a). Thes&rev.,124,2322-2339.
regional extensiorasnd applications will be discussed—, and A. Leetmaa, 1999: An evaluation of the NCEP RSM
in future papers. for regional climate modeling. Climate,12,592—609.
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