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Society needs credible and 
usable forecasts of extreme 
and hazardous events on the 
subseasonal-to-seasonal (S2S) 
timescale. The potential value of 
predictions a few weeks to few 
months ahead is undoubtedly 
useful to industries, such 
as energy, natural resource 
management, insurance, trade, 
and agriculture. Even if S2S 
prediction lacks the level of 
confidence associated with daily 
weather forecast, individuals, 
businesses, and governments 
can use S2S prediction to plan 
and make important decisions, 
such as preparing emergency 
and disaster-relief supplies.

A warming climate is amplifying 
extreme events, making them a 
greater threat to society. During 
the warm season of 2016, the 
United States suffered a wave 
of precipitation-driven extreme 
events from local flash floods in 
Texas, West Virginia, Maryland, 
and Iowa to widespread floods 
in Louisiana and North Carolina 
owing to tropical systems. 
Conversely, the emergence 
of “flash drought,” such as in 
summer 2012, also highlights 
the changing character of warm 
season extremes. This and the 
fact that no widespread long-
term pattern of national flood 
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There is a pressing need for improved forecasts during the warm season (May 
to September) in the United States. During this time of year, “billion-dollar 

disaster events” caused by severe weather, such as heat waves, drought, wildfire, 
and flooding have become more extreme (Smith and Katz 2013). Motivated by the 
increasing level of economic loss tied to weather and climate extremes, there has 
correspondingly been a more prominent recognition by the scientific community 
of the socioeconomic value of forecasts at the sub-seasonal to seasonal (S2S) 
timescale, including a 2016 National Academies report entitled Next Generation 
Earth System Prediction: Strategies for Subseasonal to Seasonal Forecasts. S2S 
forecasts (in the timeframe of two weeks out to twelve months) are useful for critical 
planning and management decisions in multiple sectors integral to the wellbeing 
of the nation, including agriculture, energy, water resources, and emergency 
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change exists calls for a S2S 
prediction approach to detect 
such threats.

Extreme events often result 
from small-scale weather 
phenomena, but can also be 
associated with persistent 
large-scale climate patterns, 
like ENSO. Thus, their prediction 
requires the ability to represent 
the interactions between large-
scale climate variability and 
small-scale weather. This is 
challenging because models 
capable of representing large-
scale climate variability are 
run at coarse grid spacing and 
cannot explicitly represent these 
small-scale processes. Models 
used to resolve mesoscale 
events are regionally confined 
and cannot depict large-scale 
climate variability. Running a 
global model at a mesoscale 
model’s resolution does not 
(yet) produce better long-
range forecasts and remains 
computationally prohibitive. 

What needs to happen to 
address these problems is for 
the mesoscale weather and 
large-scale climate communities 
to come together and define the 
best approaches to a solution. 
This edition of Variations aims 
to initiate that conversation 
by addressing the state of the 
science for using models to 
represent and predict hazardous 
and extreme events on S2S 
timescales.  
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preparedness. The consensus vision expressed by this National Academies report 
is to “provide S2S forecasts that will be as widely used a decade from now as 
weather forecasts are today.”  

The increase in extreme warm season weather is likely tied to anthropogenic 
global warming (e.g., Meehl et al. 2000; Min et al. 2011). A confident conclusion of 
climate change projections is that convective precipitation generally intensifies in 
a warming world (Muller et al. 2011; Ban et al. 2015), in conjunction with increases 
in atmospheric moisture and instability (Holloway and Neelin 2009; Trenberth 
2011). In the mid-latitudes, an increase in atmospheric blocking has been observed 
in recent decades, leading to increasing and more persistent extreme weather 
events during the warm season (Croci-Maspoli et al. 2007; Francis and Vavrus 
2012; Screen and Simmons 2014; Coumou et al. 2014; Chang et al. 2015). From 
the perspective of short-term operational weather forecasting, thunderstorms 
are the main severe weather concern, particularly from organized convection 
(e.g., squall lines, mesoscale convective systems, and supercells). Though the 
societal risk and economic costs due to warm season extreme weather events 
are increasing, there is presently no existing operational predictive framework on 
S2S timescales to characterize when and where these types of events are likely to 
happen. The official operational warm season S2S forecasts, produced by NOAA 
within the US, incorporate the North American Multimodel Ensemble (NMME; 
Kirtman et al. 2014) as the principal numerical model guidance. The NMME 
models are comparatively more challenged to produce skillful climate forecasts in 
North America during the warm season (JJA), as compared to the cool season (DJF; 
Figures 1 and 2). NMME precipitation forecasts during the warm season perform 
no better than climatology across most of the US.  

Figure 1: Precipitation forecast rank probability skill score (RPSS) for (a) NMME multimodel ensemble 
and for (b) CFSv2. Skill is based on NMME hindcasts initialized in July 1982-2009 and verified in 
the following DJF seasonal mean for tercile forecasts. Positive values indicate probabilistic skill 
that is better than climatology and negative values indicate probabilistic skill that is worse than 
climatology. Figure credit Kirtman et al. (2014).
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Improving warm season S2S forecasts: Atmospheric 
teleconnections and convective-permitting modeling
The present lack of skillful deterministic predictability in 
warm season precipitation does not necessarily imply 
that climate variability at this time lacks connections to 
clear and discernible atmospheric circulation patterns. 
There are warm season atmospheric teleconnection 
responses (e.g., quasi-stationary Rossby wave trains) that 
organize the continental-scale patterns of temperature 
and precipitation anomalies (e.g., Schubert et al. 2002; 
Ding and Wang 2005; Castro et al. 2007; Jiang and Lau 
2008; Schubert et al. 2011; Ding et al. 2011; Ciancarelli et 
al. 2013; Wang et al. 2014)). Warm season teleconnection 
responses can be classified as one of two types: internally 
and externally forced modes.  Internally forced modes of 
variability in atmospheric circulation would occur absent 
any imposed external forcing. In this case, the wave 
trains are excited by pure stochastic variability internal to 
the atmosphere, for example jet stream variations on a 
timescale of days to weeks. The externally forced modes 
are more tied to natural modes of climate variability 
that influence atmospheric circulation patterns at S2S 
timescales. There may be sufficient predictability in global 
S2S models at least for the externally forced modes of the 
warm season atmospheric circulation to deterministically 
represent the El Niño Southern Oscillation (ENSO; Castro 

et al. 2012). Therefore, to assess 
warm season predictability first 
requires systematic evaluation 
of operational S2S models 
to evaluate whether: first, 
known dominant warm season 
atmospheric teleconnections 
and their forcing mechanism(s) 
are present as statistically 
identifiable features, and 
second, if these warm season 
atmospheric teleconnections 
are deterministically predictable 
and at what S2S timescales.           

The second part of the warm 
season S2S forecast problem 

is skillful forecasting of surface temperature and 
precipitation, and therein the modeling of convection 
is central to the problem. How convective processes 
are simulated within a numerical atmospheric model 
is intimately related to the parameterization of 
precipitation and model spatial resolution. Atmospheric 
models (global or regional)—with a spatial resolution 
at the meso-β scale (tens of km) or coarser—generally 
have a poor representation of convective precipitation 
in terms of the spatial distribution and amount (e.g., 
Collier and Zhang 2007; Lee et al. 2007). Convective-
permitting models (CPMs) employ grid spacing at the 
meso-γ scale (nominally less than 5 km) without the 
use of a convective parameterization, resulting in much 
better physical representation of storm-scale structures 
(e.g., convective lines, stratiform precipitation regions) 
and storm propagation (e.g., Bryan et al. 2003; Prein et al. 
2015). CPMs have also been shown to better statistically 
characterize convective precipitation and extremes (e.g., 
Prein et al. 2015; Kendon et al. 2016), though much of 
the work summarized in these references has focused 
on historical climate simulations and climate change 
projections. To date there has been little application of 
CPMs to specifically address the question of warm season 
S2S prediction.  

Figure 2: Same as in Figure 1, but uses a hindcast initialized in January 1982-2009 and verified in 
the following JJA seasonal mean for tercile forecasts. Figure credit Kirtman et al. (2014). 
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Lessons learned from the MRED project
The Multi-Regional Climate Model Downscaling of Global 
Seasonal Forecasts (MRED) project has been the only 
community-based science effort, thus far within the US, 
to use multiple regional models to test the usefulness of 
downscaling a global seasonal forecast model. The MRED 
experiment downscaled 23 years of winter (December 
- April) reforecasts from the NOAA Climate Forecast 
System (CFS) version 1 model over a coterminous US 
domain with 32 km grid spacing. Each regional model 
dynamically downscaled each member of a 10-member 
CFS ensemble every winter during the reforecast period 
1982-2004. MRED showed that even when using a 
relatively coarse meso-β gird spacing of 32 km, dynamical 
downscaling can add skill to a global S2S model forecast 
(Shukla and Lettenmaier 2013). The largest improvements 
in forecast precipitation were obtained in regions where 
the global models already demonstrated some skill (De 
Haan et al. 2015). The major conclusion of MRED is that 
the usefulness of regional prediction is constrained by 
the limited skill of global S2S predictions, ultimately tied 
to the deterministic representation of modes of natural 
climate variability. The 
greatest added value to 
S2S forecast obtained 
by downscaling with 
a high-resolution 
model is expected 
where climate modes 
(such as ENSO) project 
strongly on regional 
precipitation. Similar 
work that dynamically 
downscaled CFS 
reforecasts for the 
warm season in 
the contiguous US 
and Mexico yielded 
essentially the same 
conclusion (Castro et 
al. 2012).

The western and central United States: Geographic 
target regions to improve warm season S2S 
predictability      
The forcing for the externally forced, warm season 
atmospheric teleconnections is from convective heating 
anomalies in regions of the western North Pacific, East 
Asia, and India, and these drive the dominant patterns 
of continental-scale precipitation anomalies in North 
America (e.g., Nitta 1987;Lau and Weng 2002; Hoerling 
and Kumar 2003; Lau et al. 2005; Castro et al. 2012; 
Ciancarelli et al. 2013). There are two dominant warm 
season Northern Hemisphere teleconnection patterns: 
the western North Pacific-North America (WPNA) pattern 
and the circumglobal teleconnection (CGT) patterns. 
The CGT and WPNA are both closely related to tropical 
monsoon rainfall concurrent with ENSO, and thus 
could potentially be sources of S2S predictability of the 
extratropical circulation anomalies over the US. Figure 
3 from Ciancarelli et al. (2013) shows the characteristic 
expressions of the WNPA and CGT patterns during the 
warm season and the relationship to dominant modes 
of warm season precipitation in the US. WPNA and 

Figure 3: WPNA (left) and CGT (right) warm season atmospheric teleconnection patterns, as determined by 
their relationship to dominant modes of warm season precipitation. The strongest value of spatial loadings 
is indicated in blue and red within the contiguous US. Adapted from Ciancarelli et al. (2013).
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CGT patterns project onto warm season precipitation 
anomalies most strongly in the Western and Central United 
States. For example, the WNPA pattern is responsible for 
the well-known anti-phase relationship in warm season 
precipitation anomalies between the Southwest and 
Central/Pacific Northwest that is most apparent in early 
summer (June, July). One of the two phases of the CGT 
pattern is strongly related to the occurrence of wet and 
dry conditions in the South Central US.  

The Western and Central US are areas where CPM would 
be expected to add value in the representation of extreme 
weather during the warm season. The most severe 
weather occurs typically in association with supercell 
thunderstorms and mesoscale convective systems (MCSs) 
in late spring to early summer (May to June) in the South 
Central US (i.e., Texas, Oklahoma, Kansas) and during 
mid-summer (June to August) in the north Central US (i.e., 
Nebraska, North and South Dakota) and Midwest. The 
strongest MCSs are associated with straight-line winds, or 
derechos, that may exceed hurricane force winds. MCSs 
tend to occur in relation 
to standing wave patterns 
(driven by the warm season 
teleconnections) around the 
periphery of the subtropical 
ridge in a “ring of fire” 
pattern (Weaver and Nigam 
2008). As an example, the 
2011 Missouri and 2015 
Texas floods occurred due 
to a succession of MCS 
events over the same area 
over a period of several 
weeks or longer, which was 
due to the persistence of 
the CGT and WPNA patterns 
(Wang et al. 2014; 2015). 
In the Western US, warm 
season precipitation occurs 
in mid to late summer (July 
and August) in association 

with the North American monsoon in the Southwest, 
particularly in Arizona and New Mexico (e.g., Adams and 
Comrie 1997). Organized severe monsoon convection 
(oftentimes in the form of MCSs) cause flash flooding, 
strong winds, and lightning.  To illustrate the potential 
value added of CPM in the Southwest, Figure 4 shows our 
most recent results (Luong et al. 2016) for simulations of 
thermodynamically favorable severe weather event days 
during the monsoon (with relatively high instability and 
moisture). We find that a CPM is able to both reduce the 
biases in simulated precipitation and better represent 
organized, propagating convection, as compared to a 
coarse 35 km simulation. The rest of the Western US, 
outside of the Southwest, tends to be climatologically 
quite dry in late summer. Convective precipitation does 
occur on occasion and can cause flash flooding, for 
example east of the Cascade mountain range. Heavy 
precipitation is not the only hazard associated with 
mesoscale convection; dry lightning and microbursts 
are also concerns, as they respectively trigger and help 
spread wildfire. 

Figure 4: Composite daily means of precipitation [mm day-1] for all selected severe weather event 
days during 2002-2010 in the Southwest using: (a) a convective-permitting simulation of 2.5 km grid 
spacing, (b) stage IV observations, (c) a course resolution simulation of 35 km grid spacing, and (d) 
the difference in convective-permitting minus course resolution. Adapted from Luong et al. (2016).

a b

c d
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Now, more than ever, we are observing a convergence 
of the climate modeling and numerical weather 

prediction (NWP) communities. Several major modeling 
centers are pushing to build and implement global 
climate models that can reach spatial resolutions 
more akin to NWP.  Driven by exponential increases in 
computational power over the past three decades, these 
models are now able to reach horizontal resolutions 
capable of capturing fine-scale extremes such as tropical 
cyclones and severe weather outbreaks. Simultaneously, 
climate ensembles have been increasingly valuable 
in providing insight into the bulk characteristics and 
probabilistic behaviors of extremes. With increasing 
demand for forecasts at the subseasonal-to-seasonal 
(S2S) timescale, where information regarding projected 
weather conditions is needed for agriculture and water 
resources planning, lessons from the climate modeling 
community have become increasingly relevant. Climatic 
processes that occurred on timescales that were 
too long to be considered relevant for NWP, such as 
monthly precipitation anomalies and shifts in ocean 
temperature patterns, are now relevant for long-term 
prediction. To this end, there is increasing interest in 
translating technologies and methodologies between 
climate and NWP models. This article focuses on one 
particular emerging technique in atmospheric modeling 
of relevance to the forecasting community: variable-
resolution (VR) modeling, and its potential applications 
for S2S prediction of extreme weather events.

Extreme weather on climatic scales: An opportunity for 
innovation
Simulating extreme weather in climate models has 
traditionally been a difficult endeavor due to the fine 
spatial scales associated with these features, along with 
their relative infrequency in space and time. Given that 
many extremes are also impacted at great distance by 
global teleconnections, building confidence in projected 
changes to regional extreme weather typically requires 
model integrations with global coverage, high spatial 
resolution, and multiple ensemble members.  In 
conjunction, these three factors have the potential to 
rapidly drive up overall computational cost (in terms of 
energy, time, and storage requirements).

To give an example, atmospheric rivers, tropical 
cyclones, and mesoscale convective systems require 
models with an approximate spatial resolution on the 
order of 1/4°, 1/8°, and 1/16° (~28 km, ~14 km, and ~7 
km), respectively, in order to sufficiently represent their 
character and potential impact. At present, long-term 
global simulations at these resolutions are only possible 
on a handful of supercomputers worldwide. When 
comparing global climate models, even 1/4° resolution 
is considered to be very high (and for many, unfeasibly 
expensive); this is already much finer than the majority 
of simulations produced in conjunction with the fifth 
Climate Model Intercomparison Project (CMIP5), which 
feeds much of the science behind the Intergovernmental 
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Panel on Climate Change’s Climate Assessment Report 
series. Nonetheless, a few cutting-edge high-resolution 
global simulations are now available with a sufficient 
climatological sample of extremes to answer relevant 
questions on how they are anticipated to change in the 
coming century (for example, Bacmeister et al. 2014; 
Wehner et al. 2014; Walsh et al. 2015). For extremes that 
are regionally confined, global high-resolution coverage 
is often unnecessary, and so the large computational 
cost associated with these simulations has driven climate 
scientists to explore alternative methods to reach high 
resolutions. Techniques such as dynamical or statistical 
downscaling are frequently employed, but have their own 
shortfalls. Consequently, VR has emerged as a modern 
technique to augment these strategies and provide a 
means to examine extremes in a global context.

How variable-resolution modeling can help
Although variable-resolution global climate models 
(VRGCMs) have been around for some time (see, for 
instance, Fox-Rabinovitz et al. 1997), there has been 
a recent, renewed push from operational modeling 
centers to develop new VR systems that can be used 
seamlessly for both climate modeling and NWP. VRGCMs 
utilize a global coarse resolution base grid that is refined 
over a specific area of interest. Within these models the 

high-resolution region typically accounts for the vast 
majority of degrees of freedom, and so leads to minimal 
additional overhead in simulating the remainder of the 
global (coarse) domain. For instance, complete coverage 
of the continental US at 1/4° resolution requires a model 
with approximately one tenth the number of degrees of 
freedom of a uniform global 1/4° model (allowing for a 
speedup, or cost reduction, of approximately 10x). 

The multi-scale approach of VR allows it to bridge the 
gap between GCMs and regional models and overcome 
many of the known issues with conventional downscaling 
methods. Namely, VR eliminates multi-model lateral 
boundary forcings (and propagated bias) used in 
conventional global-to-regional modeling efforts, avoids 
model inconsistencies that can arise from employing 
separate global and regional models, captures upscaling 
effects, and has a higher simulation throughput and 
smaller data storage demand when compared to 
standard uniform high-resolution GCMs. Many widely 
used community models now support VR, including the 
Community Atmosphere Model (CAM), the Model for 
Prediction Across Scales (MPAS), and the Geophysical 
Fluid Dynamics Laboratory Finite-Volume Cubed Model 
(GFDL-FV3). A depiction of the model grids utilized 
by these systems is shown in Figure 1. Recent efforts 
with VR have proven its efficacy for assessing regional 

Figure 1:  (Left) A conformal cubed-sphere mesh used in CAM. (Center) A centroidal Voronoi mesh used in MPAS. (Right) A non-conformal 
cubed-sphere mesh used in FV3 (MPAS and FV3 figures courtesy of Todd Ringler, Los Alamos National Laboratory, and Lucas Harris, 
Geophysical Fluid Dynamics Laboratory, respectively)
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climatology (Rauscher et al. 2013; Zarzycki et al. 2014; 
Huang and Ullrich 2016; Rhoades et al. 2016; Sakaguchi 
et al. 2015), large-scale weather patterns (Rauscher and 
Ringler 2014; Zarzycki et al. 2015), and tropical cyclones 
(Zarzycki and Jablonowski 2015; Zarzycki 2016; Harris et 
al. 2016). The rapid growth of VR has also emphasized 
the narrowing gap between climate and NWP models; 
Figure 2 depicts a snapshot of 500 hPa vorticity obtained 
from a hindcast of Hurricane Sandy with VR-CAM, a 
general circulation model typically used for climate 
studies. As argued by Zarzycki and Jablonowski (2015), 
VR-CAM exhibits competitive performance for tropical 
cyclone forecasts at reduced cost when compared with 
many existing global NWP systems.

Innovations related to VR have further potential to drive 
down the cost of individual simulations and improve 
the fidelity of extremes. For instance, adaptive mesh 
refinement (AMR) incorporates the capability for the 
grid to change over the duration of the simulation, with 
grid cells being added when features such as tropical 
cyclones begin to appear and removed when the same 
features dissipate. This is in contrast to static mesh 
refinement, such as the VR strategy described earlier, 
which requires the grid remain fixed for the entirety of 
a model run. Research on AMR for global modeling is 
ongoing, with recent work highlighting its potential (St-
Cyr et al. 2008; McCorquodale et al. 2015; Ferguson et 
al. 2016). Figure 3 depicts an example of a shallow-water 
vortex in the experimental Chombo global AMR model, 
which features a fine-scale filamentary structure that 
requires high model resolution to be correctly captured. 
Although there remain ongoing research hurdles, AMR 
offers the potential to actively track extreme weather 
events, such as tropical cyclones or atmospheric rivers, 
precisely targeting model resolution only where and 
when it is needed.

Emerging techniques in data processing
The rise of VR models has exposed an increasing need 
for data processing techniques that are effective on 
arbitrarily structured grids (see Figure 1). Especially at 

high resolutions, translating data to a latitude-longitude 
mesh before processing is increasingly impractical. To 
address this, new technologies are under development 
that can be deployed on massively parallel systems and 
work effectively to assist in scientific analysis on these 
grids. For instance, remeshing technology that can 
extract grid patches from large datasets and remap data 
between arbitrary meshes has now been developed 
(Ullrich and Taylor 2015; Ullrich et al. 2016). Other 
developments are underway to target extreme weather 
analysis, for instance, automated cyclone detection and 
characterization (Ullrich and Zarzycki 2016; Prabhat et al. 
2012).

A variable-resolution future for S2S
Seasonal predictions, particularly those addressing 
the frequency and intensity of extreme events at 
local to regional scales, are inevitably subject to large 

Figure 2: A 72-hour forecast of Hurricane Sandy, as obtained 
with (a) VR-CAM, refined from 55 km globally to 14 km over the 
Eastern US and Northern Atlantic compared to (b) an identically 
initialized result using a globally-uniform 14 km grid. The VR-CAM 
simulation in (a.) was completed 6 times faster than the uniform 
high-resolution run in (b).
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uncertainties due to rapid falloff of model skill at these 
timescales. To overcome this issue, two particularly 
promising approaches have emerged for S2S. The first 
approach relies on large ensembles of simulations 
in order to quantify the underlying uncertainty in 
infrequently occurring discrete events and provide 
probabilistic estimates of the projected climatology. 
A second approach leverages global teleconnections 
and large-scale meteorological patterns (LSMPs), which 
models are able to skillfully represent (to varying 
degrees) on S2S timescales. The latter is closely related to 
traditional statistical downscaling techniques (Pierce et 
al. 2014). Both approaches have the potential to benefit 
greatly from VR models.

For ensembles, the long timescale processes that are 
relevant to S2S are already captured by GCMs, and so 
localized high resolution from VR allows extreme weather 
to be represented with sufficient fidelity. For example, 

GFDL has argued that even moderately sized ensembles 
using tropical cyclone permitting models demonstrate 
skill in predicting seasonal tropical cyclone activity (Chen 
and Lin 2011). Given a fixed computing load, VR models 
allow for multiple ensembles at the equivalent cost of a 
single high-resolution simulation, and these models can 
be rapidly configured and spooled using existing data 
assimilation techniques (Zarzycki and Jablonowski 2015). 
The simulation ensemble can then be post-processed 
using emerging tools to obtain probabilistic estimates 
of mean climatology, variability, and extremes. Notably, 
since the entirety of the globe is simulated by the model, 
this approach automatically incorporates uncertainties 
due to global climate variability.

Over S2S timescales, global Earth system models do 
demonstrate some skill at predicting synoptic (large-
scale) fields. However, for particularly infrequent or fine-
scale extreme features, computational limitations may 
prevent the use of ensembles. In this case, the probability 
of a particular localized extreme may be ascertained from 
statistical relationships that incorporate information 
regarding large-scale meteorological conditions. 
There has been a growing interest in teasing out these 
statistical relationships from large climate datasets 
(Grotjahn et al. 2016). In general, these relationships 
can be obtained through a three step procedure: (1) 
identify extreme event days, either through manual 
search or automated criteria; (2) compute statistically-
significant anomalies in large-scale meteorological 
fields between event days and the climatological mean; 
and (3) build a statistical model connecting indicators 
for large-scale anomalies and teleconnections to the 
probability of extreme event occurrence. The statistical 
model constructed in conjunction with this strategy can 
then be applied to a large ensemble of coarse-resolution 
model runs, which can presumably be attained relatively 
cheaply. Construction of this statistical model requires 
sets of training data with sufficiently large samplings 
of extremes, which could be obtained from a large 
ensemble of VR simulations.

Figure 3: An example of the Chombo AMR is used on the 
non-conformal cubed-sphere grid to automatically track a shallow-
water vortex. Black lines indicate the edges of high-resolution 
zones (courtesy of Jared Ferguson, University of Michigan, and Hans 
Johansen, Lawrence Berkeley National Laboratory).
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Conclusion 
Overall, VR modeling is emerging as an incredibly 
valuable technology for tackling outstanding problems 
in climate science, particularly those that demand global 
coverage, high model resolution, and large ensembles. 
For this reason, VR is a potentially desirable approach to 
address the needs of regional S2S prediction, particularly 
in the context of extreme weather. In addition to  

 
providing a means to rapidly construct ensembles of 
seasonal simulations at high resolution, VR also provides 
an avenue to identify statistical relationships that hold 
between global teleconnection regions, LSMPs, and local-
scale weather. Work is ongoing to refine this technology 
and make it more readily accessible to the broader 
community of atmospheric researchers.
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Skillful subseasonal-to-seasonal (S2S) prediction is a 
major gap in the weather-climate nexus. Predictability 

of S2S large-scale circulation anomaly at mid-latitudes 
is largely associated with tropical disturbance, which 
excites Rossby waves that propagate to the extra-tropics 
(Hoskins and Karoly 1981; Sardeshmukh and Hoskins 
1988). Small errors in representing tropical convection 
and associated heating can quickly upscale to large 
errors in extra-tropical weather patterns and limit skillful 
extended-range forecast (Jung et al. 2010). A necessary 
requirement for useful S2S forecasts is a combination of 
skillful forecast of the large-scale circulation anomaly and 
its regional response in temperature and precipitation, as 
modulated by regional forcings such as topography and 
land cover (Leung et al. 2003). In this simple framework 
(Figure 1a), dynamical downscaling using regional 
climate models (RCMs) driven by boundary conditions 
from global forecasts may enhance regional forecast skill 
by better resolving the regional forcings and processes 
that generate the regional response from the large-scale 
circulation anomaly. 

Global models have demonstrated more skillful 
prediction of large-scale circulation in boreal winter 
(Higgins and Schubert 1996; Saha et al. 2006). This 
motivated the MultiRCM Ensemble Downscaling (MRED) 
project to explore the value of dynamical downscaling of 
seasonal climate forecast in a multi-model framework 

for the cold season over the US. In MRED, 70 ensemble 
forecasts were produced by seven RCMs, each including 
10 ensemble members driven by reforecasts from the 
Climate Forecast System (CFS) for December to April of 
1982 – 2003. Comparison of the CFS and RCM forecasts 
with observed temperature and precipitation showed 
some improvements of forecast skill from the RCMs 
compared to the CFS (Yoon et al. 2012). For example, 
improvements in temporal anomaly correlation of 
monthly precipitation were found in the Pacific Northwest 
and North Central US, regions that are influenced by the 
Pacific/North American (PNA) teleconnection pattern 
and marked by complex topography. The improvements 
were larger for shorter lead times, but the spatial and 
temporal variations of the RCM forecast skill largely 
followed that of the CFS, showing the dominant impact 
of the large-scale circulation in the cold season.  

A warm season component was not attempted in MRED 
partly because RCM simulation skill for warm season 
precipitation was deemed rather variable, depending 
not only on the large-scale boundary conditions but also 
on model resolutions, physics parameterizations, and 
other factors such as domain size and placement of the 
RCM lateral boundaries (Xue et al. 2014). Collaborative 
projects such as the North American Regional Climate 
Change Assessment Project (NARCCAP) showed lower 
simulation skill of summer precipitation compared to 
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winter (Mearns et al. 2012). With realistic boundary 
conditions from a global reanalysis, dry biases in 
summer precipitation were notable in the Central US 
in five of six RCMs. Among the aforementioned factors 
that influence simulation skill, resolution and physics 
parameterizations are closely related, as the latter often 
display large sensitivity to model resolution. Designing 
scale-aware parameterizations of convection remains a 
key challenge, though recent progress has been made 
(Arakawa 2011). 

For skillful S2S forecast for the warm season, it is 
important to recognize the role of large-scale circulation 
as well as regional scale anomaly such as antecedent soil 
moisture, each providing important forcing for regional 
precipitation and temperature (Yoon and Leung 2015). 
Large-scale circulation anomaly changes the atmospheric 

environment that supports clouds 
and convection, and land surface 
conditions alter surface fluxes 
and boundary layer processes 
that influence the potential for 
convective triggering (Findell and 
Eltahir 2003; Gentine et al. 2013). 
In contrast to the cold season 
regime, where regional response 
may be more dominated by the 
large-scale circulation, surface 
anomaly and regional response 
can co-evolve through land-
atmosphere interactions (Figure 
1b). In this framework, RCMs that 
better resolve regional forcings 
and land-atmosphere interactions 
may enhance skill compared to 
the GCMs that provide the large-
scale boundary conditions. With 
advances in high performance 
computing, it is becoming more 
feasible to run convection-
permitting models (CPMs) in large 
regions or continents at seasonal 
timescales. By replacing one of the 

weakest links – convective parameterizations – in climate 
models with more explicit simulation of convection and 
its interactions with regional forcings and land surface 
anomaly, there is a potential for regional CPMs to improve 
S2S forecasts over that of GCMs more so in the warm 
season than the cold season. To explore this potential, 
we apply a CPM over the contiguous US to provide some 
preliminary insights.

Diurnal rainfall and land-atmosphere interactions in 
CPMs
Organized convection is a ubiquitous mechanism for 
heavy rain in the tropics and during the warm season in 
the mid-latitudes. Long-lasting, slow-moving mesoscale 
convective systems (MCSs), in particular, are a major 
cause of flooding in many regions worldwide (Houze et 

Figure 1: A simple schematic showing the key factors that influence S2S prediction of 
regional response (e.g., temperature and precipitation). In the cold season regime, large-
scale circulation anomaly and interactions with regional forcing are key factors. In the warm 
season regime, regional surface anomaly such as soil moisture also plays a key role through 
land-atmosphere interactions. Dynamical downscaling represents all the processes in the 
light blue boxes with large-scale circulation provided as lateral boundary conditions by the 
global forecasts. 



15

U S  C L I V A R  V A R I A T I O N S

US CLIVAR VARIATIONS   •   Fall 2016   •   Vol. 14, No. 4 15

al. 2004). The US Great Plains is frequented by eastward 
propagating MCSs that develop from upscale growth of 
convective disturbances in the Rocky Mountains (Carbone 
et al. 2002). As MCSs are responsible for ~ 60% (Carbone 
and Tuttle 2008) of summer rainfall in the Great Plains, their 
timing dominates the diurnal variability of precipitation, 
leading to large diurnal amplitude and a distinct nocturnal 
peak that varies from evening in the Southern Great Plains 
to midnight in the Northern Great Plains (Tian et al. 2005). 
Simulating MCSs is critical for skillful S2S forecast of warm 
season rainfall in the Central US. 

We have performed simulations with the Weather 
Research and Forecasting (WRF) model (Skamarock et al. 
2008) over the US at 36 km, 12 km, and 4 km grid spacing 
for the summers of 2006 and 
2007, which represent very 
dry and very wet conditions, 
respectively. The Kain-Fritsch 
(KF) convection scheme (Kain 
2004) is used in the 36 km and 12 
km simulations, but at 4 km, the 
model is used as a CPM with no 
convective parameterization. 
All other processes are 
represented using the same 
parameterizations in the 
three simulations. Analysis of 
observations demonstrated the 
key role of large-scale dynamics 
as well as local feedbacks in 
producing the contrasting 
conditions in the two summers 
(Dong et al. 2011). Driven by 
the North American Regional 
Reanalysis (Messinger et al. 
2006) boundary conditions, 
all simulations reproduced 
the spatial distribution of 
precipitation anomaly, but the 
4 km simulation captures the 
magnitude of the anomalous 
rainfall in 2007 compared 

to 2006 over Texas and Oklahoma more realistically 
(not shown). Large differences in diurnal variability are 
noted between the simulations with paramaterized 
and resolved convection over the Great Plains and the 
Sierra Madre with frequent MCSs occurrences. The 
CPM simulation produces diurnal amplitude and timing 
that are more comparable to the observations in both 
regions, although the simulated rainfall peak timing 
is still 1 – 3 hours earlier than observed (Figure 2). In 
contrast, at 12 km and 36 km with the KF scheme, rainfall 
peaks predominantly in mid-afternoon with much 
smaller diurnal amplitude in the two regions. The CPM 
simulation also reproduced the eastward propagation 
of clouds and rainfall depicted by the observed outgoing 
longwave radiation and rainfall (Yang et al. 2016).

Figure 2: Diurnal cycle of precipitation averaged over the summers of 2006 and 2007 with the 
length/color and direction of the arrows corresponding to the magnitude (mm/day) and timing 
(local standard time shown in the sundial at the center), respectively. Simulations at 36 km 
(top right), 12 km (bottom left), 4 km (bottom right) grid spacing are compared to observations 
based on TRMM data (top left). The diurnal amplitude and phase of the first diurnal harmonic 
are calculated using Fourier analysis.
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With different timing of diurnal rainfall, soil moisture may 
impact surface fluxes and boundary layer development 
differently. Based on the daily mean soil moisture 
between the surface and 40 cm below, each day is 
identified as a wet or dry day if the soil moisture is one 
standard deviation above or below the long-term average 
of the two summers. Figure 3 compares the mean hourly 
precipitation, soil moisture between 0 and 40 cm, and 
planetary boundary layer (PBL) height averaged over 
the wet and dry regimes in the Southern Great Plains 
from the 12 km and 4 km simulations. Results from the 
36 km simulation are comparable to that at 12 km and 
hence not shown. At 12 km grid spacing, the diurnal 
timing of rainfall is strongly tied to the growth of the PBL, 
both peaking around 4 p.m. Soil moisture is depleted 
during the day by evapotranspiration but replenished 
quickly after the rainfall event. Comparing the wet and 
dry regimes, the peak rainfall timing and amount are 

similar, but rain persists longer – until midnight – with 
a decreasing rain rate over time in the wet regime, 
while rain ends sharply after sunset in the dry regime. 
The dry regime has lower soil moisture and the PBL is 
much deeper, consistent with the larger ratio of sensible 
to latent heat fluxes and the stronger thermals (not 
shown) compared to the wet regime. Hence in the 12 
km simulation, rain falls preferentially in the afternoon 
regardless of the soil moisture regime.

For the CPM simulation, distinct behaviors are noted 
between the wet and dry regimes. In the dry regime, the 
diurnal variations of rainfall, soil moisture, and PBL height 
are comparable to the 12 km simulation. This is consistent 
with analysis of satellite data that shows that afternoon 
rain is more likely over drier soils in many regions around 
the world (Taylor et al. 2012). In the wet regime, the 
CPM simulation shows a predominant peak in rainfall 

Figure 3: Mean hourly precipitation (blue: mm/hr), soil moisture between 0 – 40 cm (red: mm) and boundary layer height (green: 
m) from the 12 km simulation with the KF convective parameterization (left) and the 4 km CPM simulation with no convective 
parameterization (right). The upper and lower panels show the average conditions for the wet and dry soil moisture regimes, 
respectively. 
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at midnight. The timing of rainfall is clearly decoupled 
from the development of the PBL and the surface fluxes, 
suggesting that land surface does not play an important 
role in the wet regime marked by nocturnal rainfall from 
propagating MCSs. Following the diurnal variations of 
rainfall, soil moisture is replenished at night and peaks 
in the early morning hours rather than at midnight, as 
simulated at 12 km. So the CPM simulation depicts a 
dominance of nocturnal rain occurring preferentially 
over wet soil and afternoon rain occurring preferentially 
over dry soil. Land-atmosphere interactions play a 
stronger role in the dry regime, resulting in co-evolution 
of convection/rainfall with surface fluxes and the PBL 
processes, but the land surface is responding to the 
rainfall in the wet regime with potentially little feedback 
except over a longer timescale.

Discussion
Dynamical downscaling using RCMs for climate simulations 
and climate projections has been investigated extensively 
using models with grid spacing of 20 km to 80 km. Results 
invariably demonstrated large sensitivity of warm season 
precipitation to convective parameterizations, among 
other factors. Increasing resolution within the above 
range of grid spacing with parameterized convection 
does not always lead to improved simulations, as also 
supported by our simulations with grid spacing of 36 
km and 12 km. These findings also apply to dynamical 
downscaling of S2S forecasts (e.g., Nobre et al. 2001; Diro 
et al. 2012; Xue et al. 2014). More recently, the value of 
CPM has been explored, particularly over Europe and 
the western US. Besides resolving the complex terrain, 
which is a key factor resulting in improved simulation 
skill in those regions, explicit simulation of convection 
also plays a significant role, leading to improvement in 
simulating diurnal precipitation and extreme rainfall (see 
Prein et al. 2015 and the references therein). 

Regional CPM for ensemble seasonal forecasts is now 
computationally feasible. Our results provide cautious 
optimism that through improvements in simulating 
MCSs, diurnal rainfall, and land-atmosphere interactions, 
CPMs may be able to better harness the predictability 
from land surface states for warm season S2S forecast 
compared to RCMs and GCMs with parameterized 
convection. However, uncertainty in forecasting large-
scale circulation anomaly may continue to be a limiting 
element, so improving understanding and modeling of 
tropical convection and interactions between the tropics 
and mid-latitudes are essential. Parallel efforts to evaluate 
and compare different modeling approaches including 
development and improvement of scale-aware physics 
parameterizations, superparameterization, regional 
CPM, and non-hydrostatic global variable resolution 
models is a high priority. Development of diagnostics 
and metrics, both deterministic and probabilistic, to 
differentiate and understand S2S skill from different 
modeling approaches compared against observations 
and predictability limit is also important to advance S2S 
prediction for societal benefits.
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Prediction of short-term climate extremes

Emily J. Becker
 

NOAA Climate Prediction Center/INNOVIM

Short-term climate extremes — substantial departures 
from the average climate, on timescales of weeks 

to seasons — are very important to society and the 
environment, and very difficult to accurately forecast. 
We are hampered by a short history, both in observed 
fields and in climate model retrospective forecasts, as 
events of greater extremity (and therefore likely greater 
impact) occur by definition rarely, and it is very likely 
that the frequency and intensity of extremes is changing 
with human-influenced climate change (Groisman et al. 
2005; IPCC 2013; Fischer et al. 2013). The development 
of successful early warning systems has recently become 
a focus in the climate science research and operations 
communities, and organizations such as the World Climate 
Research Programme (WCRP) Subseasonal-to-Seasonal 
(S2S) Prediction Project and NOAA’s S2S Prediction Task 
Force have specific efforts on the prediction of extremes.

Few real-time outlooks for short-term climate extremes 
are currently available, although this is an area of 
active research and societal interest. One such outlook 
is issued by the International Research Institute for 
Climate and Society (IRI) — using an analysis of climate 
models, extrapolation from tercile-based forecasts, 
and the forecaster’s judgment — to forecast enhanced 
probability of 15th/85th percentile seasonal temperature 
and precipitation at one-month lead times. Barnston and 
Mason (2011) conducted an assessment of this outlook 
and found that these forecasts were issued relatively 
rarely (much less often than the events occurred), 
especially in non-tropical areas; however, when they 

were issued, reliability and calibration were found to 
be generally satisfactory, although forecasts for heavy 
precipitation were overconfident. 

Anomaly correlations for forecasts of short-term climate 
extremes from both individual climate models and a 
multi-model ensemble are routinely higher than anomaly 
correlations aggregated for all forecasts (Becker et al. 
2013; Becker 2016). This outcome applies to extremes 
in surface air temperature, sea surface temperature, 
and precipitation rate. Some explanation for this can 
be found in examining the signal-to-noise ratio: when 
only forecasts of extremes were assessed, the noise 
(as represented by the root-mean-square error (RMSE)) 
increased, as well as the signal. On the other hand, an 
assessment comparing the anomaly correlation of 
forecasts for temperature and precipitation extremes 
with that of forecasts for the mean using the ENSEMBLES 
(an EU project) multi-model system found largely similar 
skill between the extreme and mean samples (Pepler et 
al. 2015).

Extreme precipitation forecasts from NMME
Precipitation forecasts are generally low-skill and lower 
in skill than temperature forecasts for the same location 
and time, even on short-term climate timescales. This 
can be attributed at least in part to the stochastic nature 
of precipitation (Gong et al. 2003; Barnston and Mason 
2011). Studies using the North American Multi-Model 
Ensemble (NMME) have found some skill for monthly-

http://s2sprediction.net/static/about
http://s2sprediction.net/static/about
http://cpo.noaa.gov/ClimatePrograms/ModelingAnalysisPredictionsandProjections/MAPPTaskForces/S2SPredictionTaskForce.aspx
http://cpo.noaa.gov/ClimatePrograms/ModelingAnalysisPredictionsandProjections/MAPPTaskForces/S2SPredictionTaskForce.aspx
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mean precipitation at the shortest leads, in both forecasts 
for the average and for extremes (Infanti and Kirtman 
2014; Wang 2014; Slater et al. 2016). In this article, the 
focus is on NMME’s prediction of above-normal and 
extreme one-month-mean precipitation at one month’s 
lead — 66th and 90th percentile monthly means, using 
forecasts made at the start of the previous month. 

The NMME seasonal forecasting system was developed 
and implemented in 2011, with real-time monthly 
mean forecasts issued once per month starting August 
2011 (Kirtman et al. 2014). Multi-model ensembles are 
well known to produce higher-quality forecasts than 
single models (Palmer et al. 2004; Hagedorn et al. 2005; 
Doblas-Reyes et al. 2005). To date, the real-time NMME 
system has included between six and eight state-of-
the-art coupled global climate models from operational 
and research centers in the US and Canada. Hindcast 
data for all NMME participating models is available for 
at least the period 1982-2010, and results are shown 
here for the eight models in the current operational 
suite: NCEP-CFSv2, Environment Canada’s CanCM3 and 
CanCM4, NASA-GEOS5, GFDL-CM2.1, GFDL FLORa06 and 
FLORb01 (combined), NCAR-CCSM4, and NCAR-CESM. 
The NMME models have all been found to have a realistic 
representation of interannual variability and persistence 
of anomalies (Becker et al. 2014).

Precipitation forecasts are verified using the CPC Merged 
Analysis of Precipitation (CMAP). This dataset merges rain 
gauge observations with precipitation estimates from 
several satellite-based algorithms (Xie and Arkin 1997). 
CMAP, which is produced on a 2.5° x 2.5° grid, is rescaled 
via bilinear interpolation to match the 1° x 1° NMME grid.

Both the above-normal and extreme thresholds are 
determined using a Gaussian fit to the monthly mean 
precipitation values at each gridpoint in the 1° x 1° grid. 
As precipitation distributions are usually skewed, the 
data is first transformed by raising gridpoint values to the 
¼ power. This technique has been tested and results in 
a satisfactorily Gaussian shape to the probability density 
function (PDF; Becker et al. 2013). For the observations 

and the individual models, the standard deviation (s) 
is found at each gridpoint for each month, and values 
above 0.431s (1.282s) are determined to be above 
normal (extreme). Regional and seasonal variability 
ensure that not every “extreme” in this subset is an event 
of great consequence, and it can be argued that the 90th 
percentile may not be particularly extreme. This choice 
of threshold, however, ensures an adequate set of values 
to assess: approximately three events per gridpoint in 
the 29-year evaluation period, for each of 12 months. 
The 66th percentile (or above-normal tercile) will have 
approximately 10 events per gridpoint.

While it is likely that any operational outlook for extremes 
would be in a probabilistic format, it is necessary to 
understand if the climate models have any capability 
for realistic simulation of extremes. The ensemble 
means from the individual models are corrected for 
bias in the mean, in that the model’s own climatology is 
removed to make anomalies. The NMME multi-model 
ensemble is the equally weighted mean of the individual, 
bias-corrected model ensemble mean anomalies. In 
examining the 66th and 90th percentile, the forecasts 
have some correction for bias in their distributions, as 
each model’s own standard deviation is used to assign 
the forecasts to the above-normal tercile or extreme 
decile. To simulate an independent dataset, the hindcast 
and observed anomalies are generated using leave-one-
out cross validation (Barnston and van den Dool 1993).

Area-aggregated forecast skill for global, land-only, 
above-normal, and extreme precipitation is assessed 
using the anomaly correlation (AC; Wilks 1995; van den 
Dool 2007). Skill determination can be highly dependent 
on the choice of metric, so the results of a contingency 
table analysis — where forecast/observation pairs for 
above-normal and extreme precipitation are treated as 
binary events — are also examined, using the hit rate, 
false alarm rate, forecast bias, and odds ratio skill score 
(ORSS; Stephenson 2000). Finally, some understanding of 
the geographic extent of forecast skill for extremes only is 
assessed through the Symmetric Extremal Dependence 
Index (SEDI), (Joliffe and Stephenson 2012).

http://www.cpc.ncep.noaa.gov/products/NMME/Phase1models.png
http://www.cpc.ncep.noaa.gov/products/NMME/Phase1models.png
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As expected, the globally aggregated, 
one-month-lead forecasts from multi-
model ensemble mean has higher 
anomaly correlations than individual 
models, for both the upper tercile 
and upper decile of precipitation 
forecasts (Figure 1). All scores are low, 
with the maximum below an anomaly 
correlation of 0.4. However, as these 
scores are aggregated over many 
thousands of gridpoints, even the 
ACs of the 90th percentile forecasts 
have a very low uncertainty (see 
Saha et al. 2006; Becker et al. 2013). 
Anomaly correlations for forecasts of 
the 90th percentile are higher than 
for the above-normal tercile, also as 
expected, although this is most true 
for the multi-model mean (thick lines 
in Figure 1). Individual model results 
are noisier, with some forecasts for 
the tercile earning higher scores than 
other forecasts for the upper decile, 
especially during the target months 
with the lowest AC.

If the forecast-observation pairs are treated as 
dichotomous events, the forecast skill can be assessed 
using a contingency table. This analysis focuses on the 
NMME multi-model mean, lead-one monthly means, 
globally aggregated over all 12 initial months. Since it 
is expected that the hit rate (H) and false alarm rate (F) 
would be different for forecasts of above-normal and 
extreme, the ORSS (also called Yule’s Q), a score based on 
the ratio of the hit rate and false alarm rate is considered 
(Yule 1900; Stephenson 2000). The ORSS can be obtained 
through

Forecast bias for both NMME upper tercile and upper 
decile forecasts is just below 1, meaning that, overall, 
the events are forecast only slightly less often than they 

occur (Table 1). Also in both samples, the false alarm rate 
is close to the climatological frequency of occurrence 
(33.3% and 10%, respectively). However, while the hit 
rate for extremes is much lower than that of forecasts for 
the upper tercile, the ORSS shows that forecasts for the 
extreme are more skillful.

The SEDI also depends on the results of the contingency 
table, 

and is non-degenerate for rare events, making it an 
appropriate measure for extremes (Joliffe and Stephenson 
2012). The map of SEDI scores, aggregated for all 12 initial 
months, shows some areas where the NMME forecasts 

Figure 1: Anomaly correlation for one-month-mean NMME forecasts of upper-
tercile (green) and upper-decile (blue) precipitation, aggregated for global land 
excluding Antarctica. Thin lines indicate individual model results; thick lines the 
NMME multi-model mean. One-month lead forecasts are shown by target month: 
e.g., forecasts for January are made in the beginning of December.
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were more skillful than climatological forecasts, including 
northern and eastern South America, eastern Australia, 
eastern Africa, and Central America (Figure 2). It is likely 
that El Niño Southern Oscillation (ENSO) teleconnections 
are a substantial source of skill here (e.g., Pepler et al. 
2015), but skill appears in some regions that do not have 
distinct ENSO teleconnections. This map is unsurprisingly 
noisy, but does indicate the NMME has some skill at 
forecasting precipitation extremes.

The outlook for outlooks 
Some possible explanation for the higher skill in model 
forecasts of precipitation extremes, despite extremes 
being a higher-variability subset of a high-variability 
sample, is that precipitation extremes are influenced 
by long-term trends in atmospheric thermodynamic 

conditions (Allan and Soden 2008; O’Gorman and 
Schneider 2009; Min et al. 2011). All the models in 
the current operational NMME suite use changing 
greenhouse gas concentrations, and therefore have some 
representation of trends over the 1982-2010 reforecast 
period analyzed here. While it is possible that the models 
are capturing some of the changes in extremes, a more 
confident understanding would require a thorough 
attribution of this source of skill.

Developing a useful operational forecast 
is much more complicated than merely 
examining model output. And translating any 
model signals, even ones with demonstrable 
skill, into calibrated, reliable probabilistic 
outlooks on the S2S timeframe will require 
substantial effort. While there are still many 
potential sources of improvement to model 
simulations of extremes, including land-
surface initialization or land-atmosphere 
coupling (Koster et al. 2010; Prudhomme 
et al. 2015), the development of successful 
forecasts or an early warning system for 
climate extremes may require creativity. 
This could mean regionally tailored 
outlooks or varying thresholds depending 
on the risk tolerance of the forecast user. 
Formats beyond the typical spatial map 

may be necessary, such as regional indices—a spatial 
aggregation of forecasts of extremes, particularly low-
skill hydrological extremes such as over river basins, 
which could lead to more useful forecasts (Gong et al. 
2003; Yuan et al. 2015). Such spatial probability outlooks 

Hit Rate False Alarm Forecast Bias ORSS

Above normal (66th %ile) 0.39 0.31 0.98 0.17

Upper decile (90th %ile) 0.14 0.09 0.95 0.24

Table 1: Results from a contingency table analysis of NMME multi-model mean forecasts for the 66th and 90th percentile 
of precipitation. Domain is all global land gridpoints, excluding Antarctica. ORSS is the odds ratio skill score.

Figure 2: Symmetric Extremal Dependence Index (SEDI) for NMME multi-model 
mean forecasts of 90th percentile precipitation at one-month lead. Results are 
aggregated over all 12 initial conditions. 
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could be valuable to decision-makers concerned with 
large geographic areas (Fischer et al. 2013). This field has 
potential for development, and given the high impact 
nature of extremes, useful early warning systems for 
extreme climate events would be a welcome addition to 
S2S climate forecasts.
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The moisture transport by the atmosphere plays a 
significant role in the global hydrological cycle. The 

poleward moisture transport in mid-latitudes during 
winter is predominantly confined to atmospheric rivers 
(ARs; Newell et al. 1992; Zhu and Newell 1998), elongated 
pathways of atmospheric moisture transport. Generally, 
ARs develop over a short time (< 10 days) and form as 
spatially narrow plumes (500-1000 km wide) of water 
vapor flux that can stretch over thousands of kilometers 
in the troposphere (e.g., as reviewed in Gimeno et al. 
2014). While ARs occur mostly over the oceans, their 
occurrences depend on location, season, and the 
association with modes of subseasonal-to-seasonal 
(S2S) variability. The maximum AR frequency is observed 
during the cool season in the northeastern Pacific with 
frequent landfalling ARs along the West Coast of North 
America (e.g., Guan and Waliser 2015), which often 
induce heavy wintertime precipitation and severe flood 
events (Dettinger et al. 2006, 2011; Ralph et al. 2006; 
Neiman et al. 2008, 2011, 2013; Ralph and Dettinger 
2011, 2012; Smith et al. 2010). Moisture from ARs also 
penetrates into the Intermountain West, causing extreme 
precipitation events (Alexander et al. 2015). Therefore, 
accurate prediction of ARs with lead times of months to 
seasons is urgent for mitigation of potential damages 
from natural hazards.

Prediction of ARs in numerical weather forecast models 
has been shown to be skillful out to 10-days (Wick et al. 
2013). While the possibility of ARs prediction beyond 
10 days has not been addressed, several recent studies 

suggest an existence of potential predictability of ARs 
at S2S timescales based on the linkage between ARs 
and modes of S2S variability, such as Madden Julian 
Oscillation (MJO) and El Niño Southern Oscillation (ENSO) 
(e.g., Guan et al. 2012, 2013, Gimeno et al. 2014; Guan 
and Waliser 2015, Kim and Alexander 2015, and many 
others). It is often easier to predict so-called “sources of 
predictability,” such as ENSO and MJO, than to directly 
predict their downstream effects, such as the frequency 
and location of AR. The link between modes of S2S 
variability and characteristics of ARs presents a potential 
source for prediction of ARs and the associated extreme 
events. In this study, we investigate how AR prediction 
varies with a model’s ability to predict the ENSO in the 
North American Multi-model Ensemble (NMME; Kirtman 
et al. 2014) reforecasts.

Modulation of moisture transport by three phases of 
ENSO
While ARs have been mainly studied on timescales 
shorter than two weeks, recent studies have explored 
the linkage between ARs and ENSO. Dettinger (2006) and 
Bao et al. (2006) found that the most favorable conditions 
for the direct entrainment of tropical moisture into the 
West Coast of North America is during the neutral ENSO 
phase, while later studies reached a different conclusion. 
For example, Guan and Waliser (2015) showed that AR 
events are more frequent during El Niño relative to La 
Niña winters on the West Coast. Ryoo et al. (2013) also 
found stronger moisture transport into the West Coast 
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during El Niño than La Niña winters induced by enhanced 
cyclonic wave breaking. Payne and Magnusdottir 
(2014) and Mundhenk et al. (2016) reached to a similar 
conclusion by showing more frequent 
occurrence of ARs during El Niño than 
La Niña on the West Coast. By further 
contrasting the central Pacific (CP) El 
Niño, which has the maximum SST near 
the dateline, versus the eastern Pacific 
(EP) El Niño, which has the maximum 
SST in the East Pacific (e.g., Capotondi 
et al. 2015), recent studies have shown 
that different types of ENSO have 
distinct extratropical teleconnections 
(Yu et al. 2012, Yu and Zou 2013) and 
thus influence the ARs and moisture 
flux on the West Coast differently (Kim 
and Alexander 2015; McCabe-Glynn et 
al. 2016). 

To investigate the relationship between 
ARs and different types of ENSO, 37 
boreal winters (DJF) from 1979/80 to 
2015/16 are analyzed in the recent 
study of Kim et al. (submitted). Four 
EP El Niño winters (1982/83, 1991/92, 
1997/98, 2015/16, hereafter EPEN), four 
CP El Niño winters (1994/95, 2002/03, 
2004/05, 2009/10, hereafter CPEN), and 
six La Niña winters (1984/85, 1988/89, 
1998/99, 1999/2000, 2007/08, 2010/11, 
hereafter NINA) are selected based on 
the relative magnitude of various Niño 
indices (Kim et al. 2009, 2011). Figure 
1a-c shows the composite of observed 
SST (from HadISST) and geopotential 
height at 500 hPa (Z500, from ERA 
Interim) during EPEN, CPEN and NINA, 
the three ENSO phases defined here. 
Figure 2 shows the anomalous seasonal 
mean moisture flux (Q, vectors) and 
moisture flux divergence (∇ • Q, shading) 
in EPEN and CPEN. In EPEN winter, 

anomalous mean cyclonic flow in the eastern North 
Pacific (Figure 1a) supports moisture transport to the 
northwest of North America and induces strong moisture 

Figure 1: Composites of anomalous SST (shadings, K) and 500 hPa geopotential height 
(Z500, contours with 20 m interval) for EP El Niño (EPEN, first column), CP El Niño (CPEN, 
second column), and La Niña (NINA, third column) winter in (a-c) ERA-Interim and 
HadISST and (d-o) CFSv2, CCSM4, CanCM4, and CanCM3. All shadings have passed 95% 
significant level. Magenta contours mark values that passed 95% significant t-test.
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flux convergence there (Figure 2a). In 
CPEN, due to the southward shift of the 
Aleutian low (Figure 1b), anomalous 
moisture is transported zonally between 
20–30°N, and stronger moisture 
flux convergence (Figure 2b) and 
precipitation (not shown) is observed 
in the Southwest US, particularly near 
California. During NINA, due to the 
anomalous anticyclonic flow (Figure 1c), 
anomalous moisture flux divergence 
dominates in the West Coast (not 
shown). More details can be found in 
two recent studies, Kim and Alexander 
(2015) and Kim et al. (submitted).

To further investigate the mechanisms 
that cause the difference of ARs and 
moisture transport between the EPEN 
and CPEN, we analyzed the relative 
contributions of low-frequency (> 
10 days) and synoptic (< 10 days) 
anomalies (e.g., Newman et al. 2012) as 
well as the contribution from dynamic 
versus thermodynamic processes to 
the seasonal mean moisture transport 
(shown in Figure 2a,b) by utilizing the 
moisture budget (Kim et al. submitted). 
To quantitatively compare the relative 
contribution of various terms, each 
value of the budget terms in EPEN 
and CPEN were averaged over the US West Coast (red 
lines in Figure 2a,b) where the seasonal moisture flux 
convergence has the largest value (45°N–60°N for EPEN 
and 30°N–45°N for CPEN). The low-frequency anomaly (∇ 
• QLF) mainly contributes to the seasonal mean moisture 
flux divergence (∇ • Q), while the contribution from the 
synoptic anomaly (∇ • QS) is small. The change of moisture 
flux divergence could arise from either changes in 
moisture (thermodynamic process), even in the absence 
of a change in the circulation, or changes in the circulation 
(dynamic process), without change in the moisture (e.g., 
Seager et al. 2012). In both EPEN and CPEN, the most 

dominant contribution to the low-frequency moisture 
flux divergence is by the dynamical process, while the 
other terms do not show significant contributions (Figure 
2c) (more details in Kim et al. submitted).

Seasonal prediction of ARs and moisture transport in 
NMME
To examine whether the state-of-the-art climate models 
simulate and predict the changes of ARs and moisture 
transport in response to ENSO diversity, the NMME 
reforecasts (Kirtman et al. 2014) were analyzed. Four 

Figure 2: Anomalous vertically integrated seasonal moisture flux divergence (shading, 
10-6 kg m-2 s-1) for (a) EPEN and (b) CPEN. The vectors have exceeded the 95% 
significant t-test level. (c) Anomalies of moisture flux divergence for seasonal mean 
(∇ • Q), low-frequency (∇ • QLF) and synoptic (∇ • QS) terms, low-frequency dynamic, 
thermodynamic, mass-divergence, and advection terms for EPEN (red, 45°N–60°N) 
and CPEN (green, 30°N-45°N) along the coastal area (red contour in a,b).  Units are 
10-6 kg m-2 s-1. Figures are modified from Kim et al. (submitted).
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models were selected based on the availability of daily 
reforecast dataset: CFSv2 from NOAA/NCEP, CCSM4 
from NCAR/COLA/RSMAS, and CanCM3 and CanCM4 
from CMC (details in Kirtman et al. 2014). Monthly SST 
and geopotential height at 500 hPa were compared. 
In addition, the vertically integrated moisture flux is 
calculated with daily horizontal winds 
and specific humidity in four pressure 
levels (850, 500, 200, and 100 hPa). 
The CanCM3, CanCM4, and CCSM4 
reforecasts consist of 10 ensemble 
members initialized on November 
1st. The CFSv2 consists of 12-member 
ensembles initialized from October 
28th to November 7th. The forecast 
periods slightly differ among the 
models: 1981–2009 for CanCM3 and 
CanCM4, 1982–2012 for CCSM4, and 
1982-2010 for CFSv2. The forecast 
target season is the boreal winter 
(DJF). 

Figures 1d-o show the predicted 
SST and Z500 anomalies in three 
ENSO phases for each model. The 
anomalous SST and atmospheric 
circulation patterns in both EPEN 
and NINA winters were overall well 
predicted, especially in CFSv2 and 
CanCM4. However, the SST patterns 
in CPEN were not clearly separated 
from the EPEN and show too much 
warming in the east compared to 
the observations. Consistent with 
previous studies, models are not able 
to predict the ENSO flavors and their 
associated teleconnection patterns 
(Hendon et al. 2009; Wang et al. 2015; 
Capotondi et al. 2015; Infanti and 
Kirtman 2016; Pillai et al. 2016). 

Given the fact that the NMME models 
are not able to predict the CPEN, we 

compared the prediction of ARs and moisture flux only 
for EPEN and NINA winters. An AR event is defined when 
the daily vertically integrated moisture flux is greater than 
250 kg m-1 s-1 with a contiguous area equal to or larger 
than 2000 km in length (similar to Rutz et al. 2014). Figure 
3a shows the moisture flux (vector) and AR frequency 

Figure 3: (a-f) Composites of AR frequency (shadings, number of days per winter) and 
vertically-integrated moisture flux (vectors, km m-1 s-1) for climatology and anomalies 
in EPEN and NINA. Shown vectors have passed the 95% significant t-test. (g) Zonally 
averaged climatological AR frequency over the Northeast Pacific (180ºE-120ºW) and (h) 
the West Coast of North America (blue contour in a).  
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(days/winter, shading) over the northeast Pacific in the 
reanalysis (Figure 3a-c) and CFSv2 (Figure 3d-f). In the 
long-term climatology, the area of high AR frequency is 
shown over the northeast Pacific Ocean and West Coast 
of North America (Figure 3a). Predicted AR frequencies in 
CFSv2 were confined to a narrower latitudinal band from 
20°N–45°N (Figure 3d). Other NMME models show similar 
results (not shown here due to the space constraint). To 
investigate the latitudinal distribution of the ARs, the 
climatology of ARs frequency in each model were zonally 
averaged over the northeast Pacific (180ºE–120ºW) 
and along the West Coast (Figure 3g, h). The CFSv2 and 
CCSM4 predict higher frequency of ARs compared to the 
reanalysis between 25°N–40°N over the northeast Pacific, 
while all models underestimate the frequency to the 
north of 45°N. Both the CanCM3 and CanCM4 predict a 
deficit of the ARs occurrence in the subtropics. Along the 
West Coast (Figure 3h), models do not predict a sufficient 
number of the AR occurrences, except the CCSM4.

In reanalysis of EPEN winters, due to the anomalous 
cyclonic flow (Figure 1), anomalous moisture transports 
in the direction of the West Coast (Figure 3b), and the 
mean latitude of the landfalling ARs shifts to the north 
(Kim et al. submitted). During NINA winters (Figure 3c), 
the circulation and AR frequency anomalies are almost 
opposite to the EPEN. The number of landfalling ARs 
in NINA winter is the lowest among the ENSO phases 
(Kim et al. submitted). Although the NMME models have 
biases in simulating the climatological ARs frequency, the 
responses to the ENSO phases are predictable to some 
extent. In CFSv2, the predicted anomalies of the ARs 
frequency and moisture flux resembles the reanalysis 
but with weaker magnitude (Figure 3e,f). Due to the space 
constraint, we only showed the CFSv2 results, but all 
models predict the ENSO related ARs and moisture flux 
patterns but with weaker amplitude than the reanalysis. 

Summary
In this article, we showed a brief assessment of seasonal 
prediction of ARs frequency and moisture transport 
in the NMME reforecasts by emphasizing their linkage 
with various ENSO phases. Since the atmospheric 
response to ENSO forcing is sensitive to the details of 
the SST anomalies, realistic simulation and prediction 
of the various ENSO phases are important. While NMME 
predictions do not capture the spatial distribution of the 
SST anomalies for CPEN, models are able to predict ARs 
and moisture transport in response to EPEN and NINA to 
some extent. Given that ARs contribute up to 30–50% of 
the annual precipitation in the western US (e.g., Dettinger 
2011), improved understanding and simulation of the 
ARs associated with modes of S2S variability are critical 
for better prediction of ARs and extreme precipitation in 
S2S timescale. In addition to ENSO, the MJO significantly 
modulates the ARs in the northeast Pacific (Guan et 
al. 2012; Guan and Waliser 2015). Various operational 
forecast centers are continuously upgrading their systems 
and show significant MJO prediction skill up to 3–4 weeks 
(e.g., Kim et al. 2016). Further investigation of the MJO 
contribution to the ARs and moisture flux warrant further 
study for improving the S2S prediction.
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Extreme heat and heat waves have major implications 
for human health (Semenza et al. 1996; Vanos et al. 
2014), particularly in urban areas where vulnerability to 
anomalously warm conditions has increased greatly over 
the last few decades (Vanos et al. 2012). The frequency 
of hot days has increased during the latter half of the 
20th century (Della-Marta et al. 2007; Diffenbaugh et al. 
2007). Kuglitsch et al. (2010) find that regionally averaged 
eastern Mediterranean heat wave intensity, length, 
and frequency have all increased nearly 8% since the 
1960s. Keelings and Waylen (2014) show heat waves in 
Florida have become increasingly frequent and intense 

over the second half of the 20th century. Recent studies 
based on climate models suggest heat waves such as the 
severe 2003 Paris and 1995 Chicago events will become 
more frequent during the second half of the 21st 
century (Meehl and Tebaldi 2004; Hayhoe et al. 2010), 
attributable to increased greenhouse gas concentrations 
and persistent atmospheric circulations favoring warm 
dry conditions in these regions (Beniston 2004). Beniston 
and Diaz (2004) suggest, based on regional climate 
simulations, the 2003 European heat wave will become 
the “norm” in that region during the latter part of the 21st 
century, while Fischer and Schär (2010) show evidence of 
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possible increases in summertime heat 
wave days in the Mediterranean from 
2 days between 1961 and 1990 to 40 
days between 2071 and 2100. 

Land-atmosphere interactions and 
drought persistence have been linked 
with extreme temperatures in Europe 
(Vautard et al. 2007; Stéfanon et al. 
2013), North America (Mueller and 
Seneviratne 2012; Ford and Quiring 
2014), South America (Mueller and 
Seneviratne 2012), Australia (Hirsch 
et al. 2014), Africa (Kohler et al. 2010), 
and parts of central and eastern Asia 
(Meng and Shen 2014). Inertia in the 
land surface component of the Earth 
system provides a potential source 
of predictability, as the slow manifold 
of land and ocean are the primary 
sources of atmospheric predictability 
on subseasonal-to-seasonal (S2S) 
timescales. Land surface memory 
relevant to weather and climate 
timescales is typically defined 
based on persistence of anomalies 
in soil moisture. Consequentially, 
much of the recent literature connecting heat waves 
to antecedent land surface conditions have shown 
a strong forcing from soil moisture anomalies (Ford 
and Quiring 2014; Lorenz et al. 2016). This connection 
between soil moisture deficit and subsequent extreme 
heat is consistent between models and observations, 
particularly in regions where soil moisture variability is 
the primary constraint on the partitioning of energy into 
latent and sensible components (Seneviratne et al. 2010). 
For example, as seen in Figure 1, observations from the 
semi-arid Southern Great Plains region of the United 
States show an asymmetrical response of temperature 
to antecedent soil moisture, such that the right (hot) tail 
of the maximum temperature distribution varies as a 
stronger function of soil moisture than other parts of the 
distribution. The degree of coupling and variability that 

underlie land-atmosphere interactions is strong across 
much of North America (Guo et al. 2006) and is shown to 
increase in areal coverage and seasonal duration under 
climate change in the Coupled Model Intercomparison 
Project Phase 5 (CMIP5) models (Figure 2). 

Role of land-atmosphere interactions in forecasts
Positive feedbacks between land and atmosphere 
can exacerbate or prolong climate anomalies such as 
droughts, which in turn can both persist and intensify 
warmer than normal conditions (Quesada et al. 2012), 
thereby providing a form of coupled memory. For 
forecasting purposes this land surface memory may be 
defined by the temporal extent of improved forecast 
skill when realistic land surface initial conditions are 

Figure 1: Scatterplot of monthly percent hot days and soil moisture anomalies over 
the period 1990-2012. Percent hot days and soil moisture are averaged over 56 
measurement stations in Oklahoma. The regression lines show the fit at the 95th, 75th, 
50th, 25th, and 5th quantiles. Figure from Ford et al. (2014). 
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used in a model, versus climatological or other initial 
states not representative of the observed situation. 
If this measure is based on the skill of atmospheric 
variables like temperature or precipitation, it implicitly 
includes the effect of the feedbacks of the land surface 
on the atmosphere. For this reason, understanding and 
properly modeling land surface memory is important for 
the forecast of extremes, as well as a general means to 
improve subseasonal prediction skill. Recently, scientists 
have made considerable progress towards this end. 
Climate model intercomparison projects, such as the 
Global Land-Atmosphere Coupling Experiment (GLACE, 
Koster et al. 2006) and CMIP (Meehl et al. 2000) have led to 
tremendous advancements in model simulation fidelity 
and forecast accuracy. One instance is the GLACE-2 
project, which demonstrated the importance of land 

surface initialization for air temperature and precipitation 
forecast accuracy (Koster et al. 2010; 2011). GLACE-2 
was a proof-of-concept project that demonstrated the 
potential for land surface initialization to improve S2S 
forecasts. Koster et al. (2011) showed that forecast 
impact was proportional to the magnitude of the initial 
soil moisture anomaly, hinting at particular benefits for 
extreme events. Two-thirds of the participating models, 
however, failed to demonstrate significantly improved 
skill, suggesting they were lacking in the representation 
of key links of processes that communicate initial land 
surface anomalies to the atmosphere. Furthermore, 
positive impacts were found to be greatest over North 
America due to a combination of strong land-atmosphere 
coupling and high quality of meteorological forcing data 
(particularly precipitation) used to create the initial soil 

Figure 2: (top) Seasonal [spring (left); summer (right)] multimodel mean of the terrestrial coupling index from the 
historical (1911-2005) experiment and (bottom) sign and degree of consensus among the models for RCP 8.5 minus 
historical. Figure from Dirmeyer et al. (2013). ©American Meteorological Society. Used with permission. 
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moisture analyses with the model land surface schemes 
(Koster et al. 2011). 

The North American Multi-Model Ensemble (NMME) offers 
an ideal opportunity to enhance our understanding and 
model representation of land-atmosphere interactions 
as they relate to improved forecasts. The NMME is an 
experimental multi-model seasonal forecasting system 
consisting of coupled models from US and Canadian 
modeling centers. Phase 2 of the NMME program, being 
called SubX, focuses on intraseasonal (S2S) forecasting 
(Kirtman et al. 2014), while model hindcast predictions 
(going back to the early 1980s) and real-time forecasts 
have been contributed to the NMME program on seasonal 
to multi-seasonal timescales by multiple North American 
agencies since 2011 (Table 1). The World Weather 
Research Programme in collaboration with World 
Climate Research Programme (WCRP) is conducting 
an S2S Prediction Project as well, involving operational 
centers and models from around the globe (Robertson et 
al. 2015). Despite a flurry of studies assessing the NMME 
forecast skill over the past five years (Slater et al. 2016), 
significant knowledge gaps remain, particularly regarding 

the NMME models’ capabilities to forecast drought and 
heat wave events at S2S timescales (Kam et al. 2014). 
Slater et al. (2016) evaluate the ability of NMME models to 
forecast drought events at S2S timescales and find that 
certain models could predict certain drought events, but 
that no model consistently outperformed any other nor 
provided consistently correct predictions. Much of this 
is attributable to variations in both the physical drivers 
of different drought events (Roundy and Wood 2015) 
and the fidelity of model atmospheric and land initial 
conditions (Slater et al. 2016). The former attribution 
is also responsible for geographic variations in NMME 
model drought forecast capabilities (Mo and Lettenmaier 
2014; Mo and Lyon 2015). The strong connection between 
prolonged dry or rain-free periods, desiccated soils, and 
subsequent extreme heat days suggests a source of 
predictability that could simultaneously improve climate 
forecast model heat wave prediction capabilities as well 
(Miralles et al. 2014). Although one cannot disregard 
the importance of atmospheric and oceanic sources of 
S2S heat wave predictability (Teng et al. 2013), proper 
land surface initialization in climate forecast models is 
necessary to improve heat wave forecasts. 

Model Hindcast Ensemble size Lead time (months)

CFSv1 1981 – 2009 15 0.5 – 8.5

CFSv2 1982 – 2010 24 0.5 – 9.5

GFDL Climate Model version 2.2 1982 – 2010 10 0.5 – 11.5

IRI-ECHAM4f 1982 – 2010 12 0.5 – 7.5

IRI-ECHAM4a 1982 – 2010 12 0.5 – 7.5

CCSM3 1982 – 2010 6 0.5 – 11.5

Goddard Earth Observing System version 5 1981 – 2010 11 0.5 – 9.5

Third Generation Canadian Coupled Global Climate 
Model 1981 – 2010 10 0.5 – 11.5

Fourth Generation Canadian Coupled Global 
Climate Model 1981 – 2010 10 0.5 – 11.5

Table 1: National Multi-Model Ensemble project partner models and forecasts.
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Challenges and recommendations 
Despite the importance of land surface/heat wave coupling 
around the globe, there remain large knowledge gaps 
(Perkins 2015), particularly concerning the influence of 
model land surface parameterization and initialization on 
model heat wave forecasting reliability. As observational 
records of soil moisture and other land surface states 
grow in length (Dorigo et al. 2012; Quiring et al. 2016), 
they become ever more useful for quantifying memory 
in a statistically dependable way. Climate extremes likely 
to be influenced by land surface states, notably drought 
and heat waves, need to be examined in carefully 
designed modeling experiments within a multi-model 
framework (WCRP 2011; Mariotti et al. 2013), in order to 

advance understanding of the role of the land surface 
in extreme events through the exercise of attribution. 
Although much emphasis is placed on atmospheric and 
oceanic sources of memory, more work is necessary to 
better understand and quantify the value of the land 
surface and soil moisture memory, particularly for S2S 
forecasts of extreme climatic events. Accomplishing this 
goal likely necessitates continued improvement of our 
soil moisture monitoring infrastructure, including in situ 
observations of higher quantity and quality, significant 
advancements in satellite remote sensing soil moisture, 
and effective integration of these data into land surface 
models for improved S2S climate forecasts. 
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