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ABSTRACT
A feature-specific forecasting method for high-impact weather events that takes advantage of high-resolution
numerical weather prediction models and spatial forecast verification methodology is proposed. An application of
this method to the prediction of a severe convective storm event is given.

1. Introduction
Timely and accurate delivery of weather information
is an integral part of the forecasting process; however,
forecasters continue to be presented with an everincreasing volume of data. While convection-permitting
numerical weather prediction models (i.e., nonhydrostatic
models with horizontal grid spacing less than ;4 km) can
provide valuable forecast information for high-impact
weather events by producing realistic mesoscale spatial
structures useful in identifying convective modes (Kain
et al. 2008; Schwartz et al. 2009), they also contribute
substantially to the volume of data that the forecaster
needs to interpret. By identifying model-predicted mesoscale and near-storm-scale features of potential forecast interest, the methodology proposed herein offers
guidance on the most relevant model-output products
to consider, thus enhancing forecaster efficiency. This
feature-specific approach is conceptually analogous to
very short-term prediction with real-time radar data,
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where each storm (feature) has specific, defining attributes. Accordingly, we define features as entities of
potential forecaster interest that are characterized by
specific attributes in model fields.
The forecast verification community has already begun to recognize this fundamental change in how forecasts are made through collaborative efforts such as the
Spatial Forecast Verification Methods Intercomparison
Project (ICP; information online at http://www.ral.ucar.
edu/projects/icp/). The prediction community, while continuing to produce convection-permitting forecasts, has
not yet fully harnessed this capability. Until now, featurespecific prediction has been applied to a limited number
of areas such as tropical cyclone track forecasting (e.g.,
Bender et al. 1993; Goerss 2000), midlatitude cyclone
tracking (e.g., Hodges 1994; Hodges et al. 2003), severe
weather composite chart analysis (Miller 1972), and nowcasting techniques that have primarily relied on observed
data to produce short-term forecasts of convective systems (e.g., Dixon and Wiener 1993; Han et al. 2009;
Johnson et al. 1998; Pierce et al. 2000).
Nowcasting techniques typically rely on the time
extrapolation of observations and are limited in the
extent to which they can describe existing features.
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threshold (Micheas et al. 2007). Finally, Baldwin et al.
(2005) have developed an automated procedure to classify rainfall systems via threshold, size, and proximity. In
this paper we shall make use of the Baldwin et al. (2005)
algorithm, hereafter known as the Baldwin Object Oriented Identification Algorithm (BOOIA), as recently
applied in Hitchens et al. (2010).
Within this framework, features of potential interest
are identified in forecast fields and then presented as
guidance. Following Stensrud et al. (2009), FSP is intended to be a tool to facilitate further development and
implementation of the warn-on-forecast framework.

2. Methodology
A feature-specific approach for high-impact weather
forecasting begins by defining an assortment of feature
types of potential interest. Upon reviewing the highimpact features in the beginning of the forecast process,
the forecaster may then continue to refine the forecast
by evaluating the ingredients necessary to support such
high-impact feature types. For example and simplicity,
we shall focus on the development and use of a single
feature type: convective storms possessing significant
updraft rotation. Upon receiving the numerical model
output, the second step involves feature identification
and tracking. As mentioned in the previous section, the
BOOIA is used to identify features.
To track objects, an extension of the method described in Gilleland et al. (2008) is utilized, which uses
Baddeley’s D image metric (Baddeley 1992a,b) to determine the similarity between features identified from
meteorological fields. The Baddeley metric takes into
account the size, shape, and distance between features in
order to solve the correspondence, or data association,
problem. Instead of comparing forecasts to observations, as is done by Gilleland et al. (2008), the current
method compares objects identified at consecutive times
of a numerical forecast in order to determine the path
and evolution of the feature(s) of interest.
Once all features have been identified and tracked
over the forecast period of interest, the data must be
presented to the forecaster in an easily understandable
yet comprehensive format. Features can evolve rapidly
with time; thus, it is desirable to have model forecast
output on time scales of feature-specific evolution. For
convective storm features, output corresponding to convective time scales on the order of 10 min would be optimal. Ideally, the FSP system would be run prior to
dissemination since the distribution of raw model data to
forecasters at a high temporal frequency would exhibit
a potentially prohibitive bandwidth challenge. A concise
decision-support system is an important component with
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Convection-permitting numerical model forecasts, however, are in wide use in the forecasting community and
contain a more detailed description of the atmosphere.
The attributes associated with mesoscale circulations
from convection-permitting numerical weather prediction have been used to develop ‘‘surrogate’’ severe
weather reports for forecasting as well as climate-related
purposes (e.g., Sobash et al. 2009; Trapp et al. 2007; Trapp
et al. 2010). Additionally, Kain et al. (2010) have proposed a novel approach to high-impact weather prediction based upon the identification of hourly maximum
fields. These efforts have facilitated the classification
of selected model-predicted convective attributes to
supplement the traditional approach of evaluating the
model-predicted convective environment. Furthermore,
forthcoming advances in data assimilation, modeling, and
ensemble prediction hopefully will improve the shortterm prediction of mesoscale and storm-scale phenomena
(Stensrud et al. 2009).
Identification of model-generated features, or entities, of forecaster interest constitutes the foundation of
what shall be known as feature-specific prediction
(FSP). This approach to forecasting would ideally retain
the useful information pertaining to the mesoscale environment and relevant forcing mechanisms for ascent
while providing insights into storm type (e.g., supercell
thunderstorms) and intensity by identifying significant
features within a forecast field. FSP is not, however,
limited to convective systems and can be applied to any
identifiable meteorological feature. This methodology
would also seek to enhance the ingredients-based forecasting approach (e.g., Johns and Doswell (1992) and
Doswell et al. (1996)) by providing forecasters quick insights into what may be an impending high-impact
weather threat. Faster identification of a potential event
allows forecasters more time to evaluate the environmental ingredients associated with that event.
This paper proposes a FSP methodology that stems
from the forecast verification community. This community has developed many diverse feature identification methods for use with high-resolution numerical
weather prediction. Since these new spatial verification
techniques are used in the verification of forecasts, it is
logical to also test and apply them as a prediction tool.
Examples of techniques include agglomerative cluster
analysis methods (Lakshmanan et al. 2003; Peak and
Tag 1994), identifying areas of contiguous rainfall enclosed within a specified isohyet (Ebert and McBride
2000), procedures involving thresholding fields smoothed
through a convolution process (Davis et al. 2006), a multiscale iterative cluster analysis technique (Marzban and
Sandgathe 2006, 2008), and a method of identifying objects as clusters of pixels exceeding a size and intensity
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TABLE 1. Physics options used in the WRF-ARW model forecast.
Yonsei University planetary
boundary layer (YSU)
Purdue Lin microphysics
Rapid Radiative Transfer Model
(RRTM) longwave radiation
Dudhia shortwave radiation
Noah land surface model

Hong et al. (2006)
Lin et al. (1983); Chen
and Sun (2002)
Mlawer et al. (1997)
Dudhia (1989)
Ek et al. (2003)

1) determination of the feature type of interest,
2) feature identification and tracking, and
3) presentation to forecaster for evaluation.

3. Application
For this application example, version 3 of the Weather
Research and Forecasting (WRF) Model’s Advanced
Research WRF (ARW) core (Skamarock and Klemp
2008) is used to generate high spatial (Dx 5 Dy 5 4.25 km)
and temporal (10-min output frequency) resolution forecasts for a case of deep convective storms over Oklahoma
on 5–6 November 2008. The model was initialized at
0000 UTC 5 November and integrated forward 36 h
in time over a domain covering two-thirds of the contiguous United States. The operational 12-km North
American Mesoscale Model (NAM; Rogers et al. 2009)
was used for initial and lateral boundary conditions.
Table 1 shows the physics configuration for this model
simulation. This example focuses on the 0100–0300 UTC
period valid 6 November, during which time one tornado
and many occurrences of severe wind and large hail were
reported in Oklahoma (Fig. 1).

a. Feature identification
Convective features with supercellular characteristics
are of primary interest on this day, owing to the tendency for supercells to be associated with multiple types
of severe weather (e.g., Moller et al. 1994; Bunkers et al.
2006; Thompson et al. 2008; Duda and Gallus 2010). The
basic convective features composed of continuous regions of model-simulated composite radar reflectivity
factor (Koch et al. 2005) were identified using the
BOOIA. Following Parker and Johnson (2000), a simulated reflectivity threshold of $40 dBZ was used to
identify model-generated convective features (Figs. 1
and 2). No minimum size limit was imposed on the

FIG. 1. Storm reports spanning the 0100–0300 UTC inclusive
time period on 6 Nov 2008 and the simulated composite radar reflectivity factor from a 26-h WRF forecast valid 0200 UTC 6 Nov
2008. The storm reports were taken from the Storm Prediction
Center’s Severe Weather Database (SPC 2010).

40-dBZ feature identification; however, features were
restricted to a 2 3 Dx search radius. This search radius
implies that grid points meeting the radar reflectivity
factor threshold and within a 2 3 Dx distance are combined into one distinct object. Each convective feature
was then constrained a last time according to midlevel
updraft helicity (UH), which is defined following Kain
et al. (2008) as
ð z55km
wz dz,

UH 5
z52km

where w is the vertical velocity, z is the vertical vorticity,
and z is the height above ground level. Since this quantity is a measure of the correlation between midlevel
vertical velocity and vertical vorticity, it can be used to
identify model-generated mesocyclones. Therefore, mesocyclonic features are defined as convective features
containing a maximum-within-feature value of UH exceeding a threshold. Based on analysis by Trapp et al.
(2010) and for the sake of example, three separate UH
thresholds were used to identify weakly (30 m2 s22),
moderately (50 m2 s22), and strongly (70 m2 s22) mesocyclonic features (Fig. 2). For future applications of
FSP, more exploratory studies should be conducted in
order to select optimal thresholds.
The convective feature field (Fig. 2) identifies which
areas within the reflectivity field (Fig. 1) meet the minimum
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this prediction method; it must convey a necessary
amount of information to the end user while avoiding
‘‘data overload.’’
FSP can be summarized by three simple, qualitative
steps:
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criteria for feature identification. The shading in Fig. 2
further emphasizes the potentially significant features
according to the three UH thresholds discussed previously. Upon comparing Figs. 1 and 2, it is apparent
how the feature-specific identification is able to benefit
the forecasting process by immediately calling forecasters’
attention to the strongly mesocyclonic feature amidst a
region of high simulated reflectivity.

b. Feature tracking
Additional information can be provided by the automated tracking of mesocyclonic features through time.
For example, it is possible to determine more about the
temporal morphological characteristics of the modelpredicted phenomena by processing and displaying information about the path and duration of these features.
This information can be used to determine, such as in
this example, if the environment is supportive of longtrack supercell thunderstorms. Figure 3 shows the time
evolution of moderately mesocyclonic features identified in the model forecast for the period from 0100 to
0300 UTC 6 November. Three distinct paths are evident:
two of which persist for 2 h and one that is continuous for
nearly 1 h. In particular, the northernmost predicted
track appears to remain a single cell and could be indicative of a long-track supercell. This type of information
can be very beneficial to forecasters since it immediately
shows the storm type (convective-mesocyclonic), temporal
duration, relative organization, direction of movement, and

FIG. 3. Moderately mesocyclonic feature tracks (UH $ 50 m2 s22)
spanning the 0100–0300 UTC time period on 6 Nov 2008. Dots
indicate the location of the centroid of the feature at 10-min intervals. Shading indicates the location of features at 30-min intervals. This figure, in conjunction with the attached table, also serves
to represent a hypothetical decision support system. The attributes table provides information about each feature over the
period of interest including the feature ID, feature track start–
end times, feature lifespan (temporal persistence), and maximum
simulated composite reflectivity with the time of occurrence. The
temporal persistence column contains text emphasis associated
with features that express temporal persistence .30 min. Italics
represent persistence .30 min, boldface .60 min, and boldface
italics .90 min.

affected region all in one image. A comparison of the
mesocyclonic features (Fig. 2), the tracks (Fig. 3), and
the storm reports (Fig. 1) demonstrate that FSP would
have been a useful tool for identifying this region in
Oklahoma for an impending severe weather threat. It
must also be noted that this is an example of a particularly good model forecast, and while the FSP appears
to perform particularly well within this context, it may
not appear so if the model forecast is poor.

c. Decision support system
A decision support system is recommended to convey the quantitative measures of each feature (e.g., the
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FIG. 2. Convective features derived from simulated composite
reflectivity $40 dBZ valid 0200 UTC 6 Nov 2008 are outlined.
Weakly mesocyclonic convective features (UH $ 30 m2 s22),
moderately mesocyclonic convective features (UH $ 50 m2 s22),
and strongly mesocyclonic convective features (UH $ 70 m2 s22)
are shown using shading.
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a secondary feature type may not be immediately apparent. Therefore, a linking of various features of interest could be used to identify risks associated with the
evolving weather scenario. For example, the feature of
interest may begin as a set of mesocyclonic features but
subsequently may evolve toward flash flooding by the
close of the forecast period. This type of decision support system could be implemented as a part of the suite
of model-derived products that are disseminated to operational forecasters.
This approach to forecasting facilitates a rapid characterization of a high-impact weather threat and can
help forecasters use their decision-making time more
effectively. If the FSP methodology is combined with
ensemble prediction and a decision support system, uncertainty and quantitative feature attributes can also be
evaluated in an expedient manner. When potential threats
are identified immediately, a more thorough analysis
of the ingredients necessary to support the event can
be conducted to evaluate the likelihood of the event’s
occurrence.

4. Discussion

Acknowledgments. This research was a part of a
COMET/UCAR Cooperative Project (UCAR Sub-Award
S07-66813). Jacob Carley and Benjamin Schwedler were
also supported under a National Science Foundation
graduate research fellowship. Computing resources for
WRF model simulations were provided by Purdue University’s Rosen Center for Advanced Computing. Comments from two anonymous reviewers helped improve
this manuscript. The authors would also like to extend
thanks to Eric Gilleland for discussions regarding the
Baddeley metric.

The FSP procedure is a potentially straightforward
and useful method with its origins in the object-oriented
forecast verification community. The FSP method demonstrates promise for improving the high-impact weather
forecasting process by focusing on the automated identification of important model-generated forecast information such as feature type, temporal duration, organization,
and movement. Compared to the approach presented
by Kain et al. (2010), which identifies model-produced
hourly maximum exceedance fields, the FSP approach is
distinguished by the direct determination of specific features and their respective attributes. These characteristics
make the FSP procedure a potentially useful approach
for application within a warn-on-forecast framework.
The demonstration presented here focused on a severe convective weather event; however, the FSP approach could be applied to other weather scenarios such
as lake-effect snowfall or heavy rain. For a heavy-rain
event, FSP would be tuned to identify a feature that
possesses temporal continuity over a specified time frame,
little spatial variability, and a rain rate exceeding a predetermined threshold. This would allow for features to
be classified by ‘‘heavy rain potential’’ according to their
predicted rain rate as well as their predicted spatial and
temporal persistence levels.
The application of FSP methods to a variety of highimpact weather phenomena may aid in the identification
of multiple weather threats. While initial knowledge of
the primary feature threat may be known, knowledge of
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