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ABSTRACT

Ensemble prediction systems typically show positive spread-error correlation, but they are subject to
forecast bias and dispersion errors, and are therefore uncalibrated. This work proposes the use of ensemble
model output statistics (EMOS), an easy-to-implement postprocessing technique that addresses both fore-
cast bias and underdispersion and takes into account the spread-skill relationship. The technique is based
on multiple linear regression and is akin to the superensemble approach that has traditionally been used for
deterministic-style forecasts. The EMOS technique yields probabilistic forecasts that take the form of
Gaussian predictive probability density functions (PDFs) for continuous weather variables and can be
applied to gridded model output. The EMOS predictive mean is a bias-corrected weighted average of the
ensemble member forecasts, with coefficients that can be interpreted in terms of the relative contributions
of the member models to the ensemble, and provides a highly competitive deterministic-style forecast. The
EMOS predictive variance is a linear function of the ensemble variance. For fitting the EMOS coefficients,
the method of minimum continuous ranked probability score (CRPS) estimation is introduced. This tech-
nique finds the coefficient values that optimize the CRPS for the training data. The EMOS technique was
applied to 48-h forecasts of sea level pressure and surface temperature over the North American Pacific
Northwest in spring 2000, using the University of Washington mesoscale ensemble. When compared to the
bias-corrected ensemble, deterministic-style EMOS forecasts of sea level pressure had root-mean-square
error 9% less and mean absolute error 7% less. The EMOS predictive PDFs were sharp, and much better
calibrated than the raw ensemble or the bias-corrected ensemble.

1. Introduction

During the past decade, the use of forecast en-
sembles for assessing the uncertainty of numerical
weather predictions has become routine. Three opera-
tional methods for the generation of synoptic-scale en-
sembles have been developed: the breeding growing
modes method used by the National Centers for Envi-
ronmental Prediction (NCEP; Toth and Kalnay 1997),
the singular vector method used by the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF;
Molteni et al. 1996), and the perturbed observations
method used by the Canadian Meteorological Centre
(CMC; Houtekamer et al. 1996). More recently, meso-
scale short-range ensembles have been developed, such
as the University of Washington ensemble system over
the North American Pacific Northwest (Grimit and
Mass 2002; Eckel 2003). The ability of ensemble sys-
tems to improve deterministic-style forecasts and to

predict forecast skill has been convincingly established.
Statistically significant spread-error correlations sug-
gest that ensemble variance and related measures of
ensemble spread are skillful indicators of the accuracy
of the ensemble mean forecast (Eckel and Walters
1998; Stensrud and Yussouf 2003; Scherrer et al. 2004).

Case studies in probabilistic weather forecasting have
typically focused on the prediction of categorical
events. Ensembles also allow for probabilistic forecasts
of continuous weather variables, such as air pressure
and temperature, which are ideally expressed in terms
of predictive cumulative distribution functions (CDFs)
or predictive probability density functions (PDFs).
However, ensemble systems are finite and typically in-
clude of 5 to 50 member models. Hence, raw ensemble
output does not provide predictive PDFs, and some
form of postprocessing is required (Hamill and Colucci
1998; Richardson 2001). Various challenges in the sta-
tistical postprocessing of ensemble output have been
described. Systematic biases are substantial in current
modeling systems (Atger 2003; Mass 2003) and might
disguise probabilistic forecast skill. Furthermore, fore-
cast ensembles are typically underdispersive (Hamill
and Colucci 1997; Eckel and Walters 1998).
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In this paper, we propose the use of ensemble model
output statistics (EMOS), an easy to implement statis-
tical postprocessing technique that addresses the afore-
mentioned issues. Our method is a variant of multiple
linear regression or model output statistics (MOS) tech-
niques that have traditionally been used for determin-
istic-style and probability of precipitation forecasts
(Glahn and Lowry 1972; Wilks 1995). Specifically, sup-
pose that X1, . . . , Xm denotes an ensemble of individu-
ally distinguishable forecasts for a univariate weather
quantity Y. A multiple linear regression equation for Y
in terms of the ensemble member forecasts can be writ-
ten as

Y � a � b1X1 � • • • � bmXm � �, �1�

where a and b1, . . . , bm are regression coefficients, and
where � is an error term that averages to zero. Regres-
sion approaches of this type have been shown to im-
prove the deterministic-style forecast accuracy of syn-
optic weather and seasonal climate ensembles (Krish-
namurti et al. 1999, 2000; Kharin and Zwiers 2002), and
the associated forecast systems have been referred to as
superensembles.

The use of regression techniques for probabilistic
forecasting has not received much attention in the lit-
erature, with the exception of forecasts of binary events
(Glahn and Lowry 1972; Stefanova and Krishnamurti
2002). In this work, we obtain full predictive PDFs and
CDFs from ensemble forecasts of a continuous weather
variable. Standard regression theory suggests a straight-
forward way of constructing predictive PDFs and CDFs
from a regression equation, by taking them to be
Gaussian with predictive mean equal to the regression
estimate, and predictive variance equal to the mean
squared prediction error for the training data. This ap-
proach corrects for model biases and takes account of
dispersion errors. However, the resulting assessment of
uncertainty is static, in that the predictive variance is
independent of the ensemble spread, thereby negating
the spread-skill relationship (Whitaker and Loughe
1998). Hence, we model the variance of the error term
in Eq. (1) as a linear function of the ensemble spread,
that is,

Var��� � c � dS2, �2�

where S2 is the ensemble variance, and where c and d
are nonnegative coefficients. Combining (1) and (2)
yields the Gaussian predictive distribution

N �a � b1X1 � • • • � bmXm, c � dS2�

whose mean derives from the regression equation and
forms a bias-corrected weighted average of the en-
semble member forecasts, and whose variance depends
linearly on the ensemble variance. We refer to the re-
sulting predictive PDFs and CDFs as ensemble model
output statistics or EMOS forecasts. Negative regres-
sion weights can, and frequently do, occur in this type

of formulation, as in Tables 2, 4, 5, and 6 of Van den
Dool and Rukhovets (1994). This effect is typically
caused by collinearities of the ensemble member fore-
casts, and the negative weights seem hard to interpret.
They imply, all else being equal, that sea level pressure,
say, is predicted to be lower when the forecast with the
negative weight is higher. To address this issue, we pro-
pose an alternative implementation of the EMOS tech-
nique, which constrains the coefficients b1, . . . , bm to be
nonnegative. We call this variant of the EMOS tech-
nique EMOS�. In our experiments, EMOS and
EMOS� gave equally skillful probabilistic forecasts,
but the EMOS� coefficients were easier to interpret.

We applied the EMOS and EMOS� techniques to
the University of Washington mesoscale short-range
ensemble described by Grimit and Mass (2002). This is
a multianalysis, single-model [fifth-generation Pennsyl-
vania State University�National Center for Atmo-
spheric Research Mesoscale Model (MM5)] ensemble
driven by initial conditions and lateral boundary con-
ditions obtained from major operational weather cen-
ters worldwide. Table 1 provides an overview of the
phase I University of Washington ensemble system.
Figure 1 illustrates the spread-skill relationship for sea
level pressure forecasts, using the same period, Janu-
ary�June 2000, on which the study of Grimit and Mass
(2002) was based. The ensemble spread provides useful
information about the error of the ensemble mean fore-
cast. Figure 2 gives an example of a 48-h EMOS fore-
cast of sea level pressure. This forecast was initialized at
0000 UTC on 25 May 2000 and was valid at Hope Air-
port, British Columbia, Canada. Both the EMOS pre-
dictive PDF and the EMOS predictive CDF are shown.
The construction of prediction intervals from the pre-
dictive CDF, say F, is straightforward. For instance, the
162�3rd and 831�3rd percentile of F form the lower and
upper endpoints of the 662�3% central prediction inter-
val, respectively. In the Hope Airport example, and
using the millibar as unit, this interval was [1007.3,
1011.9]. The ensemble range of the University of Wash-
ington ensemble was [1003.7, 1016.8]. For a five-
member ensemble, this is also a nominal 662�3% predic-
tion interval, but it is much wider. Perhaps surprisingly,

TABLE 1. Phase I of the University of Washington mesoscale
short-range ensemble, Jan�Jun 2000. Initial conditions (ICs) and
lateral boundary conditions (LBCs) were obtained from the
AVN, the NGM data assimilation system, and the Eta data as-
similation system, all run by NCEP; the GEM analysis run by the
CMC; and the NOGAPS analysis run by Fleet Numerical Meteo-
rology and Oceanography Center (FNMOC). See Grimit and
Mass (2002) for details.

No. Ensemble member IC/LBC source

1 AVN-MM5 NCEP
2 GEM-MM5 CMC
3 ETA-MM5 NCEP
4 NGM-MM5 NCEP
5 NOGAPS-MM5 FNMOC
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