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ABSTRACT
The use of ensembles in numerical weather prediction models is becoming an increasingly effective method
of forecasting. Many studies have shown that using the mean of an ensemble as a deterministic solution
produces the most accurate forecasts. However, the mean will eventually lose its usefulness as a deterministic
forecast in the presence of nonlinearity. At synoptic scales, this appears to occur between 12- and 24-h forecast
time, and on storm scales it may occur significantly faster due to stronger nonlinearity. When this does occur,
the question then becomes the following: Should the mean still be adhered to, or would a different approach
produce better results? This paper will investigate the usefulness of the mean within a WRF Model utilizing an
ensemble Kalman filter for severe convective events.
To determine when the mean becomes unrealistic, the divergence of the mean of the ensemble (‘‘mean’’)
and a deterministic forecast initialized from a set of mean initial conditions (‘‘control’’) are examined. It is
found that significant divergence between the mean and control emerges no later than 6 h into a convective
event. The mean and control are each compared to observations, with the control being more accurate for
nearly all forecasts studied. For the case where the mean provides a better forecast than the control, an
approach is offered to identify the member or group of members that is closest to the mean. Such a forecast
will contain similar forecast errors as the mean, but unlike the mean, will be on an actual forecast trajectory.

1. Introduction
Substantial progress has been made in numerical
weather prediction (NWP) over the last few decades
that has allowed for a more accurate representation and
prediction of deep moist convection by atmospheric
models. Convective systems can now be explicitly modeled, and radar reflectivity can now be calculated by the
model and used as model output (Koch et al. 2005). This
has proven to be a beneficial forecasting tool in the operational meteorology community (Kain et al. 2006;
Weisman et al. 2008). Another very important advancement in NWP is the use of ensembles. Ensemble forecasting is a probabilistic technique designed to account
for unavoidable errors encountered in NWP (e.g., in the
initial conditions, or model physics), aiming to quantify
the inherent uncertainties involved with atmospheric

* Current affiliation: Iteris, Inc., Grand Forks, North Dakota.

Corresponding author address: Michael Hollan, Iteris, Inc., 4324
University Ave., Suite B, Grand Forks, ND 58203.
E-mail: mhollan@iteris.com

prediction (Leutbecher and Palmer 2008). By using an
ensemble of forecasts that are all slightly altered by perturbed initial conditions, for example, one can simulate a
wide range of possible solutions. In this way, ensemble
systems provide useful forecast guidance in the form of
spread and probabilities of exceeding certain thresholds
for forecast parameters of interest (e.g., probability of
exceeding high wind criteria). This is something that
cannot be done through deterministic forecasting techniques. Kalnay (2003) also points out that, on average,
the ensemble mean should outperform any single deterministic member, and in the case of an ensemble based
on a Gaussian error distribution, represents the most
likely forecast. In turn, ensemble forecasting has been
shown to be an effective forecasting tool in operational
environments, even on the mesoscale (e.g., Hou et al.
2001; Grimit and Mass 2002). One particular mesoscale
ensemble technique that is growing increasingly popular
is the ensemble Kalman filter (EnKF; Evensen 1994),
which is both a data assimilation and a forecasting
system. Various studies have worked to fine-tune EnKF
performance in a variety of model environments (e.g.,
Houtekamer and Mitchell 1998; Mitchell et al. 2002;
Houtekamer et al. 2005; Dirren et al. 2007) and have
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achieved success in implementing EnKFs in mesoscale
NWP models (e.g., Zhang et al. 2006; Fujita et al. 2007;
Meng and Zhang 2008a,b; Torn and Hakim 2008).
Although the development of ensemble techniques
has been beneficial to the forecasting community,
communicating probabilistic forecasts with the public
can be problematic (e.g., Morss et al. 2008; Joslyn et al.
2009; Mass et al. 2009), as it has been shown that it is
sometimes preferred to be given deterministic forecasts
over probabilistic information. Along these lines, it is
still useful within an ensemble forecasting system to
produce a ‘‘best guess’’ forecast. As mentioned previously, Kalnay (2003) shows that the most mathematically tractable technique (given certain assumptions) to
produce such a forecast is to use the ensemble mean as it
is the best unbiased linear estimator and statistically
outperforms any single ensemble member (Leith 1974;
Thompson 1977; Fritsch et al. 2000; Baars and Mass
2005). However, as discussed by Ancell (2013), the ensemble mean may reveal unrealistic behavior as it can
diverge from the model attractor, which ultimately results from nonlinearity within the evolving ensemble
perturbations. Ancell (2013) quantified the degree of
nonlinearity at synoptic scales by examining sea level
pressure of midlatitude cyclones impacting the west
coast of North America. This was done by examining the
divergence of the mean of an ensemble (referred to as
the ‘‘mean’’ hereafter) and a deterministic forecast initialized from the mean analysis (referred to as the
‘‘control’’ hereafter). The mean and control are identical at the time of forecast initialization, and would remain so in the absence of nonlinearity (Ancell 2013).
Thus, it is through the examination of the divergence of
the mean and control that we are able to quantify the
degree of nonlinearity.
At synoptic scales, Ancell (2013) found that the
mean and control diverge at roughly a constant
rate, and the difference between the two becomes
significant at forecast times of around 12–24 h, which
roughly agrees with previous work done by Gilmour
et al. (2001) and Ancell and Mass (2006). Thus, while
Ancell (2013) found that using the mean produced
the forecast with the smallest errors with regards
to cyclone position on average, significant errors existed in specific cases for surface wind speed (up to
10 m s21) and 6-h precipitation accumulation (up to
25 mm), which are both important meteorological
impacts caused by midlatitude cyclones. At convective scales, it is suspected that this rate of divergence
is much larger and begins at earlier forecast times
since errors and subsequent nonlinearity grow more
rapidly (Hohenegger and Schär 2007). In turn, mean
forecasts of convection likely lose their usefulness as a
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realistic possible outcome in perhaps only a few hours.
The first goal of this study is to compare nonlinearity
(through differences between the mean and control)
at convective scales to that at synoptic scales for two
different severe storm situations using an objectoriented metric [as opposed to the simple sea level
pressure metric used in Ancell (2013)]. Subsequent
results may help us to understand how quickly the ensemble mean loses its usefulness as a plausible and
accurate forecast for high-impact events at different
scales.
The fact that the mean has been shown to become
unrealistic at some point in the forecast window
motivates developing a technique to produce a deterministic forecast within an ensemble system that is
both accurate and realistic. Some techniques such as
the probability matching technique (Ebert 2001) or
the modified probability matching technique (Fang
and Kuo 2013) that take advantages of the probabilistic information in the ensemble have been developed to improve the performance of the mean and
the value of the probabilistic guidance. Schwartz
et al. (2014) found that the control produced similar
forecast errors of convective rainfall rates as a
probability matched mean. Ancell (2013) explored a
‘‘best member’’ technique on synoptic scales, evaluating 1) the control, 2) the single member closest to
the mean averaged over the entire forecast, and 3) a
forecast patched together from different members
that were closest to the mean at each 6-h forecast increment. It was found that using the ‘‘patched
together’’ forecast produced the most accurate product
even though it is not a forecast continuously evolved
with the model. In turn, this forecast seemed to show
promise as an operational product that can provide
both realistic and accurate predictions of highimpact synoptic-scale phenomena. Schwartz et al.
(2014) examined convective rainfall rates using two
patching techniques and discovered that while these
forecasts did often display continuity, some of the
evolution of convective features seemed unrealistic.
It is still not completely clear though how such bestmember techniques manifest themselves with regard
to high-impact convective elements, which if understood, could lead to improved operational ensemble
products designed to produce best-guess forecasts
of severe thunderstorms [much like Ancell (2013)
attempted for midlatitude cyclones]. The second
purpose of this study is to investigate the nature of
the best-member techniques developed in Ancell
(2013) using an object-oriented, convective-scale
metric, also for two thunderstorm events. Section 2
will present the methodology, section 3 will provide
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FIG. 1. Map showing the areas covered by domains 1, 2 (d02), and 3 (d03) of the WRF Model
used for this study.

the results and discussion, and section 4 will summarize the findings.

2. Methodology

2006), and the Kain–Fritsch cumulus parameterization
on domains 1 and 2 only (Kain and Fritsch 1993; Kain
2004). The same physics schemes and parameterizations
are used for every ensemble member.

a. Forecast model

b. Data assimilation system

The model used in this study is the Advanced Research WRF (ARW) model, version 3.3 (Skamarock
et al. 2008), with three domains (Fig. 1; referred to as
domain 1, domain 2, and domain 3 hereafter). The
horizontal grid resolutions for domains 1 (outermost
domain), 2, and 3 (innermost domain) are 36, 12, and
4 km, respectively. All domains have 38 vertical levels.
Domain 1 serves only as a parent domain for the purpose
of supplying probabilistic boundary conditions to the
nests. Domain 1’s boundary conditions are created
through the fixed covariance perturbation method of
Torn et al. (2006), and are perturbed about analyses/
forecasts from the Global Forecast System (GFS). The
lateral boundary conditions for domains 2 and 3 are
provided by domains 1 and 2, respectively. The following physics options are used: the Thompson microphysics scheme (Thompson et al. 2008), the Rapid
Radiative Transfer Model (RRTM) for longwave radiation (Mlawer et al. 1997), the Dudhia shortwave
radiation scheme (Dudhia 1989), the MM5 Monin–
Obukhov surface layer physics scheme (Paulson 1970;
Dyer and Hicks 1970; Webb 1970; Zhang and Anthes
1982; Beljaars 1995), the unified Noah land surface
model (Chen and Dudhia 2001; Tewari et al. 2004), the
Yonsei University (YSU) PBL scheme (Hong et al.

The data assimilation system used in this work is that
of the Data Assimilation Research Testbed (DART;
Anderson et al. 2009). A 50-member ensemble adjustment Kalman filter (EAKF; Anderson 2001) is used.
The following observations are assimilated every 6 h:
u- and y-wind components and temperature from aircraft observations; u- and y-wind components from satellite data; surface u- and y-wind components, surface
temperature, and altimeter from marine observations;
10-m u- and y-wind components, 2-m surface temperature, and surface pressure from METAR observations;
and surface u- and y-wind components, surface temperature, and surface altimeter from mesonet observations
(on domains 2 and 3 only). Radiosonde observations of
temperature and u- and y-wind components are also
assimilated every 12 h. Moisture observations were
evaluated, rather than assimilated. Both localization and
inflation are used to account for the small sample size
(Anderson and Anderson 1999). The localization radii
(Gaspari and Cohn 1999) used here are as follows: for
domain 1, 1800 km in the horizontal and 1.5 km in the
vertical; and for domains 2 and 3, 600 km in the horizontal and 2.5 km in the vertical. These are tuned values
that were in place at the time of the experiments for the
Texas Tech University real-time WRF EnKF, which
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uses the same domains as in this study. A spatially
varying adaptive inflation method is used (Anderson
2009), and only the background covariance field is
inflated.

c. Experimental setup
Two convective events are chosen for examination.
The dates for these events are 24–25 May 2011 and 15
April 2012. Further details about each event will be
presented in section 2d. For each event, the 6-h interval
(0000, 0600, 1200, and 1800 UTC) that immediately
precedes convective initiation (CI) present in radar
observations is designated as the last forecast to be initialized before CI occurs. Convective initiation occurred
at approximately 1900 UTC 24 May 2011 and 0300 UTC
15 April 2012, so the ‘‘last forecast’’ for each event is
1800 UTC 24 May 2011 and 0000 UTC 15 April 2012.
At 84 h prior to the last forecast, a model spinup period
48 h in length is initialized. This spinup period allows
the flow-dependent covariances necessary for the
EnKF to establish themselves, and is executed on a 6-h
assimilation cycle on domain 1 only. After the spinup
period, the 6-h assimilation cycle is continued up to
and including the last forecast, and 36-h extended
forecasts are run from each analysis. This results in
7 total 36-h forecasts leading up to the convective
event, each with subsequently shorter lead time. The
first of these seven forecasts does not actually overlap
with the convective events of interest since it is initialized more than 36 h prior to CI; therefore, it is not
considered for any analyses. The 36-h forecasts are run
on all three domains. At the start of the spinup period,
initial conditions are created on domain 1 through perturbations about the GFS, using perturbations from
the climatological covariances within the National Center
for Atmospheric Research (NCAR) WRF-Var system
(Barker et al. 2005). For all other initialization times
during both the spinup period and each 36-h forecast,
initial conditions are generated through the EnKF procedure. Initial conditions for domains 2 and 3 are produced at the end of the spinup period through the WRF
nest down process.

d. Convective cases
The first convective event chosen for this study is the
Oklahoma tornado outbreak of 24 May 2011 (hereafter
referred to as the May 2011 event). A 500-hPa trough was
located over the Four Corners region at 1200 UTC
24 May 2011. At the same time, a developing surface
low was located over the Oklahoma Panhandle, with
an attendant dryline extending southward into western
Texas. By 1800 UTC, the dryline had propagated into
far western Oklahoma, and storms began initializing
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along the dryline in southwestern Oklahoma soon after.
By 2100 UTC, a line of supercell thunderstorms was located ahead of the dryline extending from extreme
southern Kansas through north-central and southwest
Oklahoma and into north-central Texas. The line of
supercells continued to grow upscale and propagate
eastward across central Oklahoma through the late
afternoon and early evening hours, evolving into a
mesoscale convective system (MCS), which lasted into
western portions of Arkansas and Missouri before
dissipating after 0600 UTC. Figure 2 shows the 500 hPa
and surface ensemble mean 6-h forecasts valid at
0000 UTC 25 May 2011, along with observed radar reflectivity at that same time to summarize the governing
synoptic conditions for this event. The 6-h forecasts are
used here in lieu of the ensemble mean analysis because
of the physical imbalance associated with data assimilation at initial time that can make the synoptic setup
less clear.
The second event is a severe weather producing squall
line that moved through western and central Texas on
14–15 April 2012 (hereafter referred to as the April 2012
event). At 0000 UTC 15 April 2012, a 500-hPa trough
was located over Arizona. A broad area of surface low
pressure was located in southwest Nebraska and eastern
Colorado. A retreating dryline stretched from eastern
Kansas southward into the eastern Texas Panhandle,
and a forward-propagating cold front was approaching
the New Mexico–Texas border. Prior to 0300 UTC, a
squall line began developing along the cold front–
dryline intersection in the Texas Panhandle and westcentral Texas. The squall line rapidly intensified and
moved eastward during the overnight hours. While
northern portions of the squall line began weakening
during the overnight hours, it maintained intensity in
western Oklahoma and western Texas, and continued to
expand southward. The squall line continued to propagate eastward through the morning hours of 15 April
at varying levels of intensity. Figure 3 displays the
synoptic setup in a similar fashion as Fig. 2, but valid at
0600 UTC 15 April 2012.

e. Verification using MODE
The model and observation field chosen for verification in this study is composite radar reflectivity. Observed NEXRAD Level III short-range composite
reflectivity observations from individual WSR-88D stations located within or in very close proximity to domain
3 were obtained through the National Climatic Data
Center website (NOAA/National Climatic Data Center
2013). For each station, observations were collected as
close to forecast valid times as possible (at the top of
each hour). No radar observations were used with a
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FIG. 2. (a) The 500-hPa geopotential height (m; contours), wind (kt; barbs; 1 kt 5 0.5144 m s21), and temperature (8C; shaded); (b) sea
level pressure (hPa; contours), 10-m wind (kt; barbs), 2-m temperature (8F; shaded); and (c) observed radar reflectivity at
0000 UTC 25 May 2011.

valid time greater than 5 min prior to or 5 min after a
forecast valid time. In cases where two observations
were temporally equidistant from the forecast valid
time, the latter was used. The observations were interpolated to the same grid projection as domain 3 using
the General Meteorology Package (GEMPAK) software (desJardins et al. 1991) and the copygb utility
(Developmental Testbed Center 2008).
In this study, we aim to measure the skill of convective
forecasts within specific ensemble products through
model-simulated reflectivity. While calculating traditional metrics such as mean absolute error is an option,
we feel an object-oriented approach is more appropriate
to address important forecast characteristics such as
timing, spatial coverage, and the shape of reflectivity
patterns into our verification procedure. In addition,
such an examination goes beyond Ancell (2013) to more
appropriately assess nonlinearity and best-member
techniques for severe convective forecasts. However,

many difficulties arise when attempting to verify meteorological ‘‘objects’’ such as deep moist convection
represented by radar reflectivity, particularly when a
number of potential objects exist simultaneously that
possess many differences in the characteristics mentioned above. While subjective comparisons can be
made, such comparisons may change from forecaster to
forecaster. This necessitates the use of an objective
technique if we are to test our hypotheses regarding the
nonlinear evolution of convective elements. The approach chosen here is NCAR’s Model Evaluation Tools
(MET), which contains the Method for Object-based
Diagnostic Evaluation (MODE; Developmental
Testbed Center 2008).
MODE is a tool that is designed to objectively make
comparisons of objects (i.e., thunderstorms) between
model forecasts and observations that a human analyst
would subjectively make (Brown et al. 2007). MODE
accomplishes this by identifying objects in both forecast
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FIG. 3. As in Fig. 2, but at 0600 UTC 15 Apr 2012.

and observation fields, calculating attributes of each
object, merging objects in the same field, matching objects in one field with those in the other, and producing a
statistical analysis of object attributes. It should be noted
that while MODE is to be considered an objective verification method, the user does have some discretion in
choosing certain values in the process.
The first step for MODE is object identification, which
itself is a four-step process. The first step is to select a
field of raw data, such as precipitation accumulation or
radar reflectivity. The second step is to smooth the raw
data. This process is accomplished by a convolution
using a simple circular filter. Once the fields are convolved, the next step is to apply a threshold value to the
data, which creates a masked field. After the fields are
masked, the raw data are restored inside the masked
objects. This concludes the identification of objects
process.
Once objects are identified, a variety of attributes are
calculated for both single objects and comparisons of
two or more objects (Brown et al. 2007; Developmental

Testbed Center 2008). After object attributes are evaluated, MODE uses a fuzzy logic engine to merge objects
within a field and match objects in one field with those in
another. The fuzzy logic engine uses interest maps,
confidence maps, and weights to calculate a total interest
value. Details of how these maps and weights are chosen
and applied can be found in the MET Users’ Guide
(Developmental Testbed Center 2008). A threshold
value for the total interest function, whose value is between 0 and 1, is selected by the user. This threshold
determines which objects are merged within one field,
and matched across different fields. Once objects have
been defined, merged, and matched, statistical analyses
are performed on the object attributes.
For the identification of objects, convolution radii of
16 and 12 km and convolution thresholds of 25 and
20 dBZ are used for the May 2011 event and April 2012
event, respectively. The reasoning for the use of different criteria for each event is reflected by the dominant
convective mode and its inherent radar characteristics,
as well as the desire to produce objects that closely
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FIG. 4. An example of the comparison of objects matched by MODE (5-h forecast valid for 2300 UTC 24 May
2011). The shaded (outlined) objects are for the (a) mean (control) and (b) control (mean). Objects with the same
color in (a) and (b) correspond to matching objects.

resemble characteristic radar reflectivity outlines of
convection. Originally, it was desired to use a uniform
convolution radius and threshold for both events.
However, the tendency of a squall line’s minor axis to be
extremely narrow proved to make it difficult for MODE
to identify the squall line at the convolution radius and
threshold used for the May 2011 event. It is perceived
that with the criteria of the first event, the convolution
function was filtering out the squall line, which necessitated the decrease of the two values. Furthermore, the
smaller criteria of the April 2012 event were attempted
for the May 2011 event. The objects defined by MODE,
however, were much too large, and included anvil and
broad stratiform rain regions.
Interest maps were prescribed to individual object
attributes for merging and matching. In general, the
requirements for objects in a single field to be merged
are more restrictive than those for objects in different
fields to be matched. This is intended to keep isolated
areas of convection within the same field apart from
each other or larger complexes of convection. The restrictions need to be relaxed to allow areas of convection
that may be somewhat displaced between different fields
to be matched. This becomes increasingly important
with longer forecast lead times. Weights were then
chosen for each paired-object attribute. More weight is
given to attributes such as centroid distance, boundary
distance, convex hull distance, and intersection area
ratio. A total interest threshold of 0.7 is assigned to
merging, and 0.6 to matching. This follows the previous
assessment that requirements for merging objects

should be generally less inclusive than for matching.
As a reference, the default total interest threshold is 0.7
(Developmental Testbed Center 2008). For a graphical
example of how matched objects compare with one
another, see Fig. 4.
One feature of MODE that holds important relevance
when dealing with convection is its ability to not only
match objects in separate fields, but also to create and
match ‘‘clusters’’ of objects in each field. For example, if
two separate objects in one field are matched with the
same object in another, the two separate objects are
combined to form a cluster. Most of the data analyses in
this project involve matched clusters of objects. On occasion, an object is not matched with another object or
cluster of objects in the opposite field, but is still in the
vicinity of the ongoing convection and should arguably
be considered in the analyses. In such cases, the authors
used their discretion in determining which matched
objects and matched clusters should be included. It is
acknowledged that this problem could be dealt with by
changing MODE parameters to produce more desired
results. However, as previously noted, a consistency of
MODE parameters was preferred. Furthermore, there
are several instances in each event where at least one of
the fields contains areas of marginally or nonsevere
convection that are dislocated from the main area of
focus. Objects and clusters of objects in such regions of
weak convection were not considered for any of the
analyses (see Fig. 5 for an example).
A similar approach to that of Ancell (2013) will be
applied here in evaluating the degree of nonlinearity of
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FIG. 5. An example of objects and clusters of objects defined by MODE (5-h forecast valid for 2300 UTC 24 May
2011). (top) The (left) mean and (right) control simulated composite radar reflectivity. (bottom) The corresponding
objects (shaded) and clusters of objects (outlined in black) defined by MODE. For this case, only the red and blue
clusters were selected for analyses.

convective forecasts. Two paired-object attributes in
MODE, centroid distance (CD) and intersection area
ratio (IAR), are used to evaluate the divergence of the
mean and control. Because each paired-object attribute
is a comparison between the mean and control, the divergence between the two can be shown by simply examining the growth of CD [similar to Fig. 2a in Ancell
(2013)] and the decay of IAR (lower values of IAR
correspond to greater model divergence) with increasing forecast lead time or model valid time. This
divergence is examined at forecast times after which CI
has occurred in both the mean and control such that
MODE is able to identify objects in both fields.
Since the mean and control may, at any given forecast hour, contain more than one pair of objects that
are of interest, a technique is developed to provide a
singular value for CD and one for IAR per forecast

hour. The CD at each forecast hour is simply the average of all CDs considered. The IAR at each forecast
hour is determined by taking the sum of the intersection area of all pairs of objects considered and
dividing it by the sum of the union area of all pairs of
objects considered. This prevents smaller objects from
having too big of an influence on the singular value,
which would likely occur if an average value of IARs
was used. This procedure is applied throughout the
rest of the analyses.
Both the mean and control are evaluated versus observations in a similar manner as versus each other.
Again, CD and IAR will be the paired-object attributes
of interest, with the better forecast being the one with
smaller CD and larger IAR. Since MODE cannot match
objects in one field with those in another if one field does
not contain any objects, no comparisons using MODE
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are made until both forecasts (mean and control) and
the observations contain convection.
At each forecast hour, the closest member is identified
as the member with the smallest error compared to the
mean. Three different measures of error are used: CD,
IAR, and a normalized average of the two (NORM). To
calculate the NORM, each error measure is first normalized individually. The normalized CD is defined as
CDnorm (m, h) 5 CD(m, h)/CDmax (M, H) ,

(1)

where CD is the centroid distance of each member m
from the mean at each forecast hour h and CDmax is the
maximum CD out of the set of members containing
convection (M) for all forecast hours H, rounded up to
the nearest grid unit. This results in a normalized CD
(CDnorm) for each member at each forecast hour. The
possible values for CDnorm range from 0 to 1, with
smaller values equating to smaller error. The normalized IAR is defined as
IARnorm (m, h) 5 [1 2 IAR(m, h)]/(1 2 IAR)max (M, H) ,
(2)
where IAR is the intersection area ratio of each member
m at each forecast hour h, and (1 2 IAR)max is the
maximum value of (1 2 IAR) for all members M at all
forecast hours H, rounded up to the nearest 0.1. This
creates a normalized IAR (IARnorm) with possible
values of 0–1. In this case, lower values of the normalized IAR correspond to low error, rather than higher
values as before. The NORM is simply obtained by
taking the average of CDnorm(m, h) and IARnorm(m, h).
The member that contains the smallest error for each
measurement averaged over the entire forecast is selected as the ‘‘single closest member’’ (referred to as
such hereafter). Also, the closest members at each
forecast hour are ‘‘patched’’ together to produce a
‘‘patched closest member’’ (referred to as such hereafter). In other words, there will be six total closest
member forecasts to consider: a single closest member
and patched closest member each determined by CD,
IAR, and the NORM.

3. Results and discussion
a. Divergence of the mean and control
The divergence of the mean and the control is examined starting at the first forecast hour when both the
mean and control contain convection identifiable by
MODE (referred to as model CI hereafter) and ending
with the last forecast hour when both the mean and
control contain sustained convection detectable by
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MODE and associated with the event of interest. Again,
this divergence reveals the degree of nonlinear perturbation evolution measured through the chosen objectoriented forecast metrics. For the May 2011 case, the
model CI and final convective times are 2300 UTC
24 May and 0800 UTC 25 May, respectively. Figure 6
shows the difference between the mean and control for
CD (Fig. 6a) and IAR (Fig. 6b) for the five forecasts
initialized prior to CI for the May 2011 event. While
Ancell (2013) found a somewhat smooth and linear divergence of the mean and control at the synoptic scale,
the results here are less smooth. This is probably because these results are associated with a single case and
Ancell (2013) averaged his results over many events. A
clear pattern can be seen within the last two forecasts
(the two closest in time to model CI). Between 3 and 6 h
after model CI, a rapid increase in the difference between the mean and control can be seen in both CD
(Fig. 6a) and IAR (Fig. 6b). The average CD between
the mean and control for the final two forecasts grew
from 9.4 grid units (;38 km) at 3 h after model CI to 27
grid units (108 km) at 6 h past model CI, while the average IAR decreased from 0.5 to 0.26 over the same time
frame. After around 6 h, this divergence ceases and the
difference levels off for CD roughly around values approaching 30 grid units (120 km), but continues to grow
for IAR.
The continuation of growing divergence seen through
IAR but not in CD can be attributed to the fact that
areas of convection began to dissipate during these
hours. Storm dissipation implies a continual decrease in
aerial coverage of convection and, in turn, the intersection and union areas of the mean and control.
Even though both are decreasing, if there are significant
differences between the two fields (which has been
shown), the intersection area and, therefore, the IAR
will both approach and eventually become zero. The
area covered by convection may be reduced, but the CD
between each convective system remains relatively the
same. Therefore, CD is likely a more accurate proxy for
error growth after peak divergence.
It is surmised that after forecast times around 6 h after
model CI, error saturation, or the growth of model errors being bounded by the model attractor, at convective
scales limits the growth of the divergence between the
mean and control. Note that once error saturation occurs at any scale (i.e., synoptic, mesoscale, convective,
etc.), it precludes error growth at all scales. The most
probable reason that the first three forecasts displayed in
Fig. 6 do not show the same explosive divergence as the
last two is that they are showing the saturated divergence from the synoptic-scale influence. For these
forecasts, model CI occurs within or after the time frame
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FIG. 6. Divergence of the mean and control using (a) centroid distance (grid units) and
(b) intersection area ratio for the five forecasts initialized prior to CI for the May 2011 event.
Each line represents a different forecast.

identified by Ancell (2013) when nonlinearity becomes
significant at synoptic scales (12–24 h). Therefore, the
divergence is already saturated prior to model CI for
earlier forecasts.
Figure 7 is similar to Fig. 6, but for the April 2012
event. For this event, the forecast hours at which the
divergence of the mean and control are evaluated range
from 0500 to 1400 UTC 15 April. These results appear
even less smooth than the May 2011 case, though some
similarities do emerge. As with the May 2011 case, the
divergence of the mean and control of the final forecasts
leading up to model CI share some resemblance in that
they show rapid divergence (and growth of nonlinearity)
just after model CI before leveling off. But contrary to
the previous event, the rapid divergence occurs earlier in
the convective event, around 1–3 h after model CI. The
average CD between the mean and control for the final

three forecasts increases from 18.8 grid units (;75 km)
at 1 h after model CI to 50.9 grid units (;204 km) at 3 h,
while the average IAR decreases from 0.29 to 0.18 over
the same time frame. Both metrics contain larger overall
differences between the mean and control than seen in
the previous event. After peak divergence between the
mean and control is reached, the behavior of this divergence is less well behaved with multiple periods of
weak to moderate divergence and convergence, further
suggesting the error has saturated at the convective
scale. Looking toward the end of the event, the average
IAR of the three forecasts before model CI (Fig. 7b)
decreases, which again likely stems from dissipating
convection.
Some interesting features presented themselves while
examining the effects of forecast lead time on the evolution of the divergence between the mean and control.
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FIG. 7. As in Fig. 6, but for the April 2012 event.

Figure 8 shows forecast lead time plotted against
CD for the May 2011 event. Each individual solid line
represents a fixed valid time (e.g., 2300 UTC). The
horizontal axis is increasing forecast lead time. So, for
example, the 2300 UTC line has a lead time of 5, 11, 17 h,
etc., since forecasts are initialized every 6 h. The
2300 UTC line is set in bold to provide emphasis, as it is
the first valid time by which model CI had occurred for
all forecasts. Since 2300 UTC is early in the convective
event of interest, nonlinear effects due to convection
should be minimal, meaning any model divergence
should solely be due to synoptic-scale influences at
this time. When the CD between the mean and control at 2300 UTC is compared with the synoptic-scale
divergence identified by Ancell [Fig. 2a in Ancell
(2013)], a striking similarity in the pattern of model divergence is revealed. This similarity is very interesting,
and suggests the ability to reproduce and isolate the

same behavior of mean–control divergence exhibited at
synoptic scales using a metric designed for convective
objects exists. Even more interesting, Fig. 8 simultaneously shows and isolates the convective-scale divergence of the mean and control using CD. The dashed
line represents the CD for the forecast initialized prior
to CI (1800 UTC 24 May), and is the same as the black
line in Fig. 6a. In turn, Fig. 8 is successfully able to
compare mean–control divergence at synoptic scales
with that at convective scales, simultaneously showing
the slow synoptic-scale divergence with that at the
convective scale, which is substantially more rapid.
The growth rate of the difference between the mean
and control at the convective scale ranges from around 7
grid units per hour (;28 km h21) to 9.5 grid units per
hour (;38 km h21), which is 4–9 times as large as that on
the synoptic scale (approximately 1–2 grid units per
hour, or 4–8 km h21). Thus, it is evident that the
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FIG. 8. Centroid distance (grid units) plotted as a function of forecast lead time for the May
2011 event. Each line represents a fixed model valid time, which has different lead times for
different forecasts. The 2300 UTC line (blue) is set bold for emphasis, and is the first hour at
which all forecasts contained convection. The dashed line indicates the centroid distance at
every forecast hour for the last forecast initialized prior to CI.

divergence occurs much quicker at convective scales.
Also of note is that at synoptic scales, model divergence
continues to occur linearly, while at convective scales,
it appears to reach a peak, and then the mean–control
difference fluctuates afterward. Having only studied
two convective events, it appears this peak occurs no
later than 6 h after convection initiates within the model.
Figure 9 is the same as Fig. 8, but for the April 2012
event. Here we were not able to produce the synopticscale model divergence shown by Ancell (2013). It is
presumed that because error saturation at convective
scales occurred sooner for this event (1–3 vs 3–6 h after
model CI for the May 2011 event), the synoptic-scale
divergence is not reproducible. It is intriguing that for

every valid time (every solid line plotted), there is a peak
divergence, followed by rather steep convergence of the
mean and control. This can be at least partially explained
by the fact that the forecast initialized two forecast cycles
prior to CI produced exceptionally diverse forecasts between the mean and control (not shown). Other peaks
and valleys found in Fig. 9 are also likely attributable to
the forecast quality of the mean and control.
The results here show that nonlinearity can become an
important factor in forecasts of convective processes in
the first 6 h after CI. The growth rate of the divergence
between the mean and control is explosive for a few
hours, and then stabilizes. In contrast, the growth rate of
this divergence due to nonlinearity at synoptic scales

FIG. 9. As in Fig. 8, but for the April 2012 event, and the bolded line is for 0500 UTC.
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FIG. 10. (a) Mean and (b) control simulated radar reflectivity (dBZ) forecasts initialized at the indicated times, valid at
0000 UTC 25 May 2011.

is roughly linear, and significant divergence does not
emerge until at least 12 h into a forecast. The convectivescale divergence between the mean and control was
greater for the April 2012 event than the May 2011
event, but the growth of divergence for forecasts initialized closer to CI does present a similar structure.
Furthermore, error saturation due to nonlinear effects
at convective scales occurs slightly sooner for the April
2012 event (1–3 h after model CI) than the May 2011
event (3–6 h after model CI).

b. Model evaluation
Once CI occurred in both the mean and control, the
simulated composite radar reflectivity calculated by each
was compared with observed composite reflectivity (Figs. 10
and 2c). Figure 11 shows the mean and control evaluated
versus observations for the five forecast cycles preceding CI
for the May 2011 event using CD (Fig. 11a) and IAR
(Fig. 11b) averaged across each forecast hour within a given
forecast cycle. For every forecast, the control significantly
outperforms the mean when averaged across an entire
forecast cycle. Also calculated were the CD and IAR at
each model valid time averaged across different forecast
cycles (Fig. 12). These results agree that the control is superior for this event. Furthermore, for CD, there does not
exist a single forecast hour at which the mean is better than
the control, while using IAR as the evaluation metric produces only two forecast hours of one forecast cycle where
the mean is better (not shown). It is clear that for this particular event, the control outperformed the mean at both
short and longer lead times.
The results for the April 2012 event were not as clearcut as the May 2011 event (Figs. 13 and 3c). Applying

the same averaging techniques as with the previous
case, it is determined that the control was indeed the
better forecast for all forecast cycles except the one
immediately preceding CI (Fig. 14). Additionally, for
the forecast that initialized 24 h prior to the aforementioned one (0000 UTC 14 April 2012), IAR indicates that
the mean is a better forecast, while CD presents the contrary, though both are by slim margins. Looking at how the
mean and control perform at each valid time proves to be
more telling. The control produces a significantly improved forecast when CD is used. The same occurs when
IAR is employed, except for the second earliest valid
time at which the mean holds a very slight edge (Fig. 15).
Since the mean of an ensemble is known to have a
large area bias, especially at longer forecast lead times,
consideration was given to the possible implications this
could have on the results. It was confirmed that there
is in fact a large area bias for the mean when compared
to the control, although this bias is rather small and
only increases near the end of the May 2011 event,
while remaining fairly steady near the end of the April
2012 event (Fig. 16). The larger bias right at the beginning of the April 2012 event is likely due to the control
being slow to initialize convection. Nevertheless, even
though a large area bias does exist in the mean, the
control still consistently had a larger IAR with the observations than the mean, including at longer lead
times (see Figs. 12b and 15b). This further shows that the
control was often a superior forecast, and that the ensemble spread shown through the spatial coverage of
convection depicted by the mean is appropriate.
The control’s outperformance of the mean for nearly
every forecast is somewhat of an unanticipated result.
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FIG. 11. (a) Centroid distance (grid units) and (b) intersection
area ratio averaged across each forecast between the mean and
observations (blue) and the control and observations (red). Increasing forecast numbers correspond to increasing model initialization time, or in other words, decreasing forecast lead times.

Ancell (2013) showed that the mean was a better forecast on average than the control for synoptic-scale
midlatitude cyclones traversing the Pacific Northwest
region. However, Schwartz et al. (2014) also found that
the control outperformed a simple ensemble mean for
convective rainfall rates. It should be noted, though,
that a probability matching technique was not employed
in this study because only geometric properties of convection were evaluated, as opposed to rainfall rates or
radar reflectivity, which a probability matching technique would theoretically improve (Ebert 2001). Given
the limited amount of data examined in this study, there
is not enough evidence to sufficiently state that the
control will, on average, outperform the mean for
forecasts of convection.

c. Best-member techniques
The mean was better than the control for just one
forecast (0000 UTC 15 April 2012). In turn, the closest

VOLUME 143

FIG. 12. (a) Centroid distance (grid units) and (b) intersection
area ratio averaged across each hour between the mean and observations (blue) and the control and observations (red).

members were determined for that forecast alone.
Since the concept of best-member techniques is to
produce a realistic forecast that has similar error statistics as the mean, it would be pointless to perform
such an operation when a different forecast (the control) that is both statistically superior and realistic is
readily available. Nevertheless, it is still of interest how
the closest members perform, and if there is a pattern
as to which members are closest to the mean [such as in
Ancell (2013) where it was found that different members were closest to the mean at different times]. This
would be particularly important if the mean was found
to be better on average for a large number of cases. In
any event, examining how long members that are
closest to the mean at one time stay closest to the mean,
and how often the closest member to the mean changes
throughout a forecast window may reveal crucial insights as to how to develop best-member techniques in
the presence of large nonlinearity.
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FIG. 13. As in Fig. 10, but valid at 0600 UTC 15 Apr 2012.

The single and patched closest members at each forecast hour were determined by CD, IAR, and the NORM,
and are displayed in Table 1. The single closest member
using each metric turned out to be the same member
(member 1). The CD produced a different closest member at each forecast hour, suggesting that a patched
method should be pursued. However, IAR produced the
same closest member for each forecast hour, which was
also member 1. Member 1 was also the closest member at
9 out of the 11 forecast hours using the NORM. This
suggests that the IAR is producing a stronger signal in the
selection process of closest members. It should be noted
that even though member 1 was never evaluated as the
closest member at any forecast hour using CD, it was a
high-ranking member (top 3) near the beginning and end
of the forecast period (not shown). Therefore, it appears
in this case that it would be most beneficial to use a single
member as opposed to a patched together forecast consisting of different members. The patched forecast determined using CD did appear to be realistic, with only a
few minor discrepancies in storm motion and evolution
from hour to hour. Even though these best-member
techniques were only applicable to one forecast in this
study, it is important to know which member(s) are
closest to the mean, if the closest member changes from
forecast hour to forecast hour, and what method of determining closest member(s) works best in case it turns
out there are more instances of the mean outperforming
the control for forecasts of convection.

4. Summary and conclusions
A high-resolution WRF Model EnKF was used to
examine the nonlinear behavior of an ensemble within

the framework of an object-oriented evaluation of severe convection. This work was motivated by Ancell
(2013), who found that the ensemble mean, which is
usually viewed as the most-likely forecast, can exhibit
meteorologically unrealistic behavior once nonlinear
ensemble perturbation evolution becomes substantial.
Such unrealistic behavior was found on synoptic scales
on the order of a day in Ancell (2013), motivating a
technique to determine a ‘‘closest member’’ that is both
realistic and possesses the statistical benefits of the
mean. This paper focuses on examining this behavior on
storm scales since convective forecasts are critically
important to the protection of life and property, yet have
been shown to exhibit more pronounced nonlinear behavior than on synoptic scales (indicating the need to
appropriately identify a best-guess forecast within a
convective-scale ensemble).
This work has taken a similar approach to Ancell
(2013) in that it estimates the degree of nonlinearity
within an ensemble for two severe convective events by
examining the divergence between the mean of the ensemble (mean) and the deterministic forecast initialized
from the mean analysis (control). This study is unique in
that unlike Ancell (2013), the evaluation here is based
on a software tool titled MODE to objectively verify
composite radar reflectivity both simulated in models
and observed by radars. The two convective cases examined involved an outbreak of supercells in Oklahoma
(24 May 2011) and a squall line in Texas (14–15 April
2012). It was found that significant divergence between
the mean and control due to nonlinearity at convective
scales occurs no later than 6 h into a given convective
event, and may occur as early as 1 h. These results were
found through the use of two metrics: centroid distance
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FIG. 14. As in Fig. 11, but for the April 2012 event.
FIG. 15. As in Fig. 12, but for the April 2012 event.

(CD; the distance between the geometric centers of two
areas of convection in different fields) and intersection
area ratio (IAR; the ratio of the intersection area
compared to the union area of two regions of convection in different fields). This validates the hypothesis
that nonlinearity grows substantially faster on convective scales than on synoptic scales, at least within the
framework of the metrics used here, for which it may
take up to 1 day for nonlinearity to become prominent.
It is important to know when such sufficient nonlinearity
occurs because it can force the mean off the model attractor, causing unrealistic forecast features such as incorrectly smoothed-out pressure fields to provide poor
forecasting guidance for associated meteorological variables. This essentially reveals the mean to be a poor
choice for a best-guess forecast since the probability of
unrealistic behavior is large.
For each of the two events, the five forecasts preceding CI, which initialized 6 h apart, were further
studied with regard to the MODE parameters of CD
and IAR. In 9 out of the 10 forecasts examined, the
control produced a more accurate forecast than the
mean. This somewhat contradicts the findings when

a similar procedure was applied to central pressure errors of synoptic-scale midlatitude cyclones traversing
the Pacific Northwest region (Ancell 2013). Since the
ensemble mean has been shown more generally to be
a statistically optimal forecast on average (Kalnay
2003), a possible and perhaps likely explanation of this
outcome is that in this study only two cases are examined, yet over 100 cases were composited in Ancell
(2013). In any case, the single forecast in which the mean
performed better provides a test case to examine how
individual ensemble members evolve in relation to the
mean toward developing a closest-member technique on
convective scales.
Even though the mean was only better for one forecast, an attempt was made to seek a closest member, or
group of closest members that might produce similar
forecast errors to those of the mean while still being a
realistic representation of the atmosphere. The closest
single member averaged across the entire forecast
(single closest member) and a combination of the members closest to the mean at each forecast hour (patched
closest member) were determined using CD, IAR, and a
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T ABLE 1. List of closest members at each forecast hour
(0400–1400 UTC 15 Apr 2012) and the average closest member
for the entire forecast (Avg) determined by centroid distance
(CD), intersection area ratio (IAR), and a normalized average
of the two (NORM).

FIG. 16. Area bias between the mean and control for the May
2011 (blue) and April 2012 (red) events, averaged over each
forecast valid time.

normalized average of the two (NORM), for a total of six
best-member forecasts. The single closest member was
found to be the same member for all three evaluation
methods. Furthermore, using IAR produced the same
closest member as the single closest member at every
forecast hour, implying that the spatial coverage of convection in the single closest member showed great resemblance to the mean.
There are several limiting factors to this study. Obviously, only studying two convective events limits the
ability to ascertain that the results presented in this paper will be applicable to a broad spectrum of severe
convective events. Using the objective analysis tool
MODE as a surrogate for subjective analysis proved to
be promising, though it may produce misleading results
if used without caution. MODE can only perform
comparisons of ‘‘objects’’ (i.e., thunderstorms) if they
exist in both fields being evaluated. Furthermore, if two
objects exist in one field and one in the other, one of the
objects in the first field may compare well with the one
object in the other field. But the second object in the first
field may not get matched with any objects in the opposite field and be unaccounted for in the output statistics. This gives the false impression of a successful
forecast when, actually, a large area of convection was
completely nonexistent in one of the fields. Another
potential issue is that adjusting the user-controlled parameters in MODE can reconfigure the shape of objects
and, more importantly, how objects are grouped together. The goal was to produce objects that had similar
shapes and sizes to the modes of convection being
studied. To do so necessitated the use of different parameters for each event. It is also acknowledged that the

Forecast hour (UTC)

CD

IAR

NORM

0400
0500
0600
0700
0800
0900
1000
1100
1200
1300
1400
Avg

49
40
28
15
26
6
22
5
29
48
25
1

1
1
1
1
1
1
1
1
1
1
1
1

1
1
1
15
1
1
1
11
1
1
1
1

definition of ‘‘similar shapes and sizes’’ may change
from person to person. As long as the same parameters
are employed with some consistency (i.e., throughout a
particular event), the results should not be jeopardized.
Additionally, it must be noted that the results produced
in this paper apply only to the two MODE metrics employed in the data analyses, and using different metrics,
both inclusive and exclusive to MODE, could potentially produce different results.
In the future, more convective events need to be
examined, both of similar and different modes of convection than the ones studied here. Correspondingly,
examination of the transition times between convective modes is desired. The two events chosen for this
study did not lend themselves well to this type of
evaluation. In addition, further investigation into
MODE is needed to discover if there are more efficient
ways of assessing deep moist convection. Using object
attributes other than CD and IAR, perhaps boundary
or convex hull distance, ought to be considered. Another area of future exploration is the examination of
model divergence using the values of radar reflectivity
(dBZ), or perhaps precipitation accumulation, as opposed to this paper, which only covered spatial properties of convection. Any research performed should
consider the use of a probability matching technique
(i.e., Ebert 2001; Fang and Kuo 2013) in order to
capture the small-scale subtleties the ensemble averaging process tends to smooth out. Other different
methods of verification should also be considered.
Since the difference between the mean and control
could actually be used to statistically represent ensemble spread, and spread growth should be flow dependent, the noise-to-signal ratio proposed by Fang
and Kuo (2015) may be useful for determining the flow
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signal. Even if a multitude of cases were to show that
the control is a better forecast for deep moist convection
than the mean, it is still necessary to have ensemble
forecasting to address the uncertainty. Though the control may be on a model attractor, it may not be the ‘‘real’’
model attractor (i.e., a perfect atmospheric model).
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