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Abstract. Bimodality and other types of non-Gaussianity arise in ensemble forecasts of the atmosphere as a result of non-

linear spread across ensemble members. In this paper, bimodality in 50-member ECMWF ENS-extended ensemble forecasts is

identified and characterized. Forecasts of 2-meter temperature are found to exhibit widespread bimodality well over a derived

false-positive rate. In some regions bimodality occurs in excess of 30% of forecasts, with the largest rates occurring during

lead times of 2 to 3 weeks. Bimodality occurs more frequently in the winter hemisphere with indications of baroclinicity5

being a factor to its development. Additionally, bimodality is more common over the ocean, especially the polar oceans, which

may indicate development caused by boundary conditions (such as sea ice). Near the equatorial region, bimodality remains

common during either season and follows similar patterns to the intertropical convergence zone (ITCZ) suggesting convection

as a possible source for its development. Over some continental regions the modes of the forecasts are separated by up to 15
oC. The probability density for the modes can be up to four times greater than at the minimum between the modes, which10

lies near the ensemble mean. The widespread presence of such bimodality has potentially important implications for decision

makers acting on these forecasts. Bimodality also has implications for assessing forecast skill and for statistical post-processing:

several commonly used skill scoring methods and ensemble dressing methods are found to perform poorly in the presence of

bimodality,
:::::::::
suggesting

:::
the

::::
need

:::
for

::::::::::::
improvements

::
in

::::
how

::::::::::::
non-Gaussian

::::::::
ensemble

:::::::
forecasts

:::
are

::::::::
evaluated.

1 Introduction15

The atmosphere is a highly chaotic system that is not easily predicted. An important development has been the use of ensemble

forecasts in order to develop a probabilistic viewpoint of the future state of the atmosphere. An ensemble is a grouping of

multiple forecasts initialized at the same time, each slightly perturbed relative to one another. These perturbations result in

the divergence over time of the individual members (Lorenz, 1963), producing a diversity of ‘point’ forecasts from which a

probabilistic forecast can be generated. A great deal of attention has focused on the use of the ensemble mean and variance20

of the ensemble, explicitly or implicitly assuming that the distributions are Gaussian. While there are technical and practical

reasons for doing so, treating all ensemble forecasts as such for the entirety of their predictions is not always appropriate and

may miss valuable distributional information available, especially in larger ensembles. This work focuses explicitly on one

specific type of non-Gaussianity: bimodality.
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Bimodal distributions occur when some of a forecast’s ensemble members form a distinct cluster, separate from the rest25

of the ensemble. Depending on the methodology, this can result in generating a corresponding probability density function

(PDF) that contains two (or more) modes. This paper quantifies the presence of bimodality in ensemble forecasts of 2-meter

temperature from the extended 45-day, 50-member forecasts produced by the European Centre for Medium-range Weather

Forecasts (ECMWF). The focus of this work is on assessing the frequency and character of bimodality in these forecasts. A

companion paper may be suitable to take a deeper look at some of the processes responsible for the systematic bimodality that30

are found to occur in specific regions.

Forecast errors arise both from our imperfect knowledge of the initial conditions, and from imperfect forecast models. The

growth of these errors is not uniform (Palmer, 2000; Leutbecher and Palmer, 2008), so that there is great practical value in

assessing the certainty associated with any given forecast. Although other approaches exist, ensembles have become the method

of choice to produce these probabilistic forecasts (Buizza, 2018). By perturbing each member in some appropriate way, the35

range of outcomes across the ensemble can be used to construct a probablistic assessment of plausible future outcomes.

However, there are many challenges in constructing these probabilistic forecasts from a raw ensemble. The phase space of

possible future atmospheric states is extremely high-dimensional, so that a full representation of the ’true’ multivariate PDF

representing a given forecast is unattainable for ensembles of finite size (see Kalnay, 2019, and references therein).

The perturbations applied to each member must be constructed appropriately, so that the spread across the ensemble can40

nonetheless capture the most salient parts of this ’true’ distribution. In practice, a key measure is the spread of the ensemble.

Historically, ‘underdispersion’ is a major difficulty, meaning that validating observations are often found outside the range

of the forecast ensemble (Wang et al., 2018). Considerable effort has gone into appropriate initialization schemes to mitigate

this issue; for instance, the ECMWF forecasts use singular vectors over a defined time interval, chosen to maximize ensemble

spread (Leutbecher and Palmer, 2008).45

Several examples of
::::::::
ECMWF ensemble forecasts of 2-meter temperature are shown in Fig. 1. The gray lines in Fig. 1(a) show

the 50 individual ensemble members of the same forecast in Fig. 1(b). The ensemble members are initially tightly clustered

around the mean when the differences caused by the initialization perturbations are small; the members then disperse over

time. The validation observations for each forecast are represented with yellow lines.
::::::::::
Observations

:::
are

:::::
based

:::
on

:::::::::::
ERA-Interim

::::::::
reanalysis

::::::::::::::
(Dee et al., 2011)

:
. The tendency of forecasts to be underdispersed can be seen in Fig. 1(a,b); this feature is prevalent50

in the first 10 days of the forecast. The non-uniform nature of forecast spread (Palmer, 2000; Leutbecher and Palmer, 2008) is

also apparent: in one case (Fig. 1c
:::
(c)) the spread remains relatively small throughout the forecast, whereas in another forecast

from the same location (Fig. 1(d)) the spread grows much more rapidly. The spread is non-uniform in space as well; compare

Fig. 1(b) and Fig. 1(d), which show two forecasts initialized on the same forecast date but at different locations.

Figure 1(d) presents a case in which the ensemble spread is strongly non-Gaussian. The shading indicates a forecast PDF55

generated by a kernel density estimate (KDE) (Wilks, 2011), suggesting the presence of bimodality; the lead times at which

this bimodality is present according to a statistical test (described in Sect. 3) are indicated with green dashes. In these cases

the ensemble mean lies near a local minimum in the bimodal forecast PDF. The bimodality of the forecast suggests instead

that there are two potential scenarios that may occur, and that the spread about these two modes is considerably less than the
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