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ABSTRACT

This paper evaluates the extratropical cyclones within three operational global ensembles [the 20-member
Canadian Meteorological Centre (CMC), 20-member National Centers for Environmental Prediction
(NCEP), and 50-member European Centre for Medium-Range Weather Forecasts (ECMWF)]. The day-0-6
forecasts were evaluated over the eastern United States and western Atlantic for the 2007-15 cool seasons
(October—March) using the ECMWF’s ERA-Interim dataset as the verifying analysis. The Hodges cyclone-
tracking scheme was used to track cyclones using 6-h mean sea level pressure (MSLP) data. For lead times less
than 72 h, the NCEP and ECMWF ensembles have comparable mean absolute errors in cyclone intensity and
track, while the CMC errors are larger. For days 4-6 ECMWF has 12-18 and 24-30 h more accuracy for
cyclone intensity than NCEP and CMC, respectively. All ensembles underpredict relatively deep cyclones in
the medium range, with one area near the Gulf Stream. CMC, NCEP, and ECMWEF all have a slow along-
track bias that is significant from 24 to 90 h, and they have a left-of-track bias from 120 to 144 h. ECMWF has
greater probabilistic skill for intensity and track than CMC and NCEP, while the 90-member multimodel
ensemble (NCEP + CMC + ECMWEF) has more probabilistic skill than any single ensemble. During the
medium range, the ECMWF + NCEP + CMC multimodel ensemble has the fewest cases (1.9%, 1.8%, and
1.0%) outside the envelope compared to ECMWF (5.6%, 5.2%, and 4.1%) and NCEP (13.7%, 10.6%, and
11.0%) for cyclone intensity and along- and cross-track positions.

1. Introduction through interaction with a low-level baroclinic zone
(Miller 1946). For example, a coastal cyclone on 8-9

a. Background February 2013 resulted in up to 1 m of snowfall along the

Extratropical cyclones during the cool season impact
millions of people. Along the U.S. East Coast heavy
snow, mixed precipitation, and damaging winds can in-
terrupt and halt public services and transportation over
this region. For example, a nationwide survey found that
unfavorable driving conditions during winter storms
account for approximately 3000 deaths and 1.4 million
accidents every year across the continental United
States (Goodwin 2003). Numerous studies have con-
cluded that improved forecasts of the timing and loca-
tion of winter storms can decrease traffic volume and
improve public safety during these cases (Hanbali and
Kuemmel 1993; Knapp et al. 2000).

During the cool season months (October—-March), ex-
tratropical cyclones frequently develop near the U.S. East
Coast as approaching upper-level disturbances amplify
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coastal areas of New York and Connecticut (Picca et al.
2014). This cyclone was relatively well forecast 2-3 days in
advance, with the ECMWF model (but not other models)
providing key information into the cyclone’s development
6 days in advance (R. Grumm 2013, personal communi-
cation). Other cases, such as the surprise 25 January 2000
cyclone (Zhang et al. 2002) along the mid-Atlantic coast,
had considerable forecast uncertainty from the medium
range (days 4-6) to the short range (days 1-3). Research
focusing on improving the short- and medium-range
forecasts of extratropical cyclones will increase public
safety and aid emergency managers in planning their re-
sponses to such events.

b. Ensemble cyclone forecast skill

Several studies have focused on the tracking and veri-
fication of ensemble prediction systems (EPSs) to help
improve our understanding of cyclone forecast skill
(Froude et al. 2007; Charles and Colle 2009; Froude 2010).
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Charles and Colle (2009) verified the intensity and po-
sition of cyclones around North America and its adja-
cent oceans using the National Weather Service (NWS)
Short-Range Ensemble Forecast system (SREF) for the
2004-07 cool seasons (October-March). The 15-
member SREF mean provided a better overall fore-
cast than its various subgroups for cyclone displacement
and cyclone central pressure along the East Coast and
the western Atlantic. The SREF intensity bias along the
U.S East Coast from hours 3-15 is slightly negative
(~0.5hPa), but there exists a gradual positive trend for
the rest of the forecast with no bias from hours 45 to 51,
and a slight positive bias noted from hours 57 to 63. The
SREF was also found to have slightly greater skill than
the blended Global Forecast System (GFS) and the
North American Mesoscale Forecast System (NAM) for
central pressure; however, the SREF was found to be
overdispersed on average, especially early in the fore-
cast. It was also determined that using a multimodel
ensemble of the GFS, NAM, and SREF mean did not
add value to the forecasts of cyclone central pressure
compared to the individual multimodel ensemble com-
ponents as a result of outlier members or a skewed dis-
tribution around the observed pressure value.

Froude et al. (2007) verified extratropical cyclone
tracks in the European Centre for Medium-Range
Weather Forecasts (ECMWF) ensemble and the
Global Ensemble Forecast System (GEFS) run at the
National Centers for Environmental Prediction (NCEP)
between January and April 2005. The ECMWF EPS
consisted of 50 perturbed members with a spectral res-
olution of T255L40, while the GEFS EPS (hereafter
referred to as NCEP) consisted of 10 perturbed mem-
bers with a resolution of T126L28. Because of the lower
resolution of the EPSs during this period and poor
confidence in the models, the authors excluded cyclones
that developed after day 3 of the forecast period. The
results showed that the ECMWF ensemble had a slightly
higher level of accuracy than the NCEP ensemble for
cyclones in the Northern Hemisphere (NH), while in the
Southern Hemisphere (SH) the NCEP ensemble had
significantly better accuracy for cyclone intensity.
Overall, the ECMWF ensemble mean had greater skill
than its control member however, after day 3 of the
forecast the control member forecast had an additional
12-24h of accuracy compared with the perturbed
members.

Froude (2010) conducted a detailed study using nine
different EPSs from the TIGGE archive to analyze the
prediction of extratropical cyclones in the NH for a 6-
month period (February-July) in 2008. The cyclones
were identified and tracked using the 850-hPa relative
vorticity and verified using the ECMWF operational
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analysis. Results show that the ensemble mean errors for
cyclone position, intensity, and propagation speed were
the lowest in the ECMWF ensemble. The NCEP and
Canadian Meteorological Centre (CMC) ensembles
were shown to have 1 day less of accuracy for the posi-
tion of cyclones throughout the 7-day forecast range.
Froude (2010) also found that the ensemble mean pro-
vides an advantage over the control member for all EPSs
in cyclone position; however, cyclones were found to
propagate too slowly in all EPSs and control forecasts.
Additionally, a majority of the EPSs underpredict cy-
clone intensity, excluding ECMWF, early in the forecast
from days 1 to 3. All the EPSs are more underdispersive
for cyclone intensity than cyclone position, as was also
recognized by Froude et al. (2007), with ECMWF per-
forming best for intensity and CMC performing best for
propagation speed.

c. Motivation

A survey by Novak et al. (2008) indicates that many
operational forecasters in the NWS want to better utilize
ensembles to forecast high-impact weather such as
coastal storms, but more information on how these en-
sembles perform is warranted so the forecast un-
certainty can be better assessed. Furthermore, there has
been limited research on the verification of extratropical
cyclones using different EPSs for the U.S. East Coast
and western Atlantic after 2010, as well as limited de-
termination of the benefits of using multimodel ensem-
bles to forecast extratropical cyclones. This analysis is
imperative to East Coast forecasters as they attempt to
understand the track and evolution of these cyclones
and predict the sensible weather impacts that are asso-
ciated with these storms. Charles and Colle (2009) fo-
cused on verifying a short-range EPS system, and
Froude (2010) binned all NH cyclones together to con-
duct verification over a short 6-month period. There has
not been adequate research done to verify medium-
range ensemble forecasts of cool-season cyclones, es-
pecially on a regional scale using multiple EPSs used by
operational forecasters. This paper will address this by
completing a multiyear assessment of ensemble cyclone
errors across the U.S. East Coast and western Atlantic
for the day-0-6 forecast period.

There have been few studies analyzing the forecasts of
U.S. East Coast cyclones using the large and compre-
hensive TIGGE archive for the purposes of conducting a
long-term verification of ensemble-predicted cyclones.
A long-term ensemble verification dataset of cyclones
will aid in our knowledge of the predictability of cyclone
strength and position over different forecast periods
for successive ensemble upgrades and improvements.
This will allow for interannual comparisons of EPS
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performance and also the ability to identify potential
short- and medium-range biases.
This research will address the following questions:

1) What are the cyclone position and intensity forecast
errors in cool-season extratropical cyclone forecasts
from days 1 to 6 in operational ensembles?

2) How do cyclone position and intensity errors and
biases vary spatially across the U.S. East Coast and
western Atlantic Ocean?

3) Have cyclone forecasts in the short and medium
range improved over the past several years?

4) Is there any probabilistic skill for cyclone intensity
and position in the operational ensembles?

5) Can a multimodel ensemble help improve the de-
terministic and probabilistic skill scores compared
to a single model ensemble?

2. Data and methods
a. Data description

The mean sea level pressure (MSLP) ensemble fore-
cast and analysis data were obtained for the 0000
UTC cycle from the TIGGE (Bougeault et al. 2010)
archive (http://apps.ecmwf.int/datasets/data/tigge/) in 6-
hourly increments from 1 October 2007 to 31 March
2015 for the cool-season period (1 October-31 March).
The 2007 start time was selected because it is the first
date when the full ensemble datasets are available. This
study examines the cyclone performance of three op-
erationally employed EPSs: the 20-member CMC, 20-
member NCEP, and 50-member ECMWF. The control
member data of each EPS were used for comparison
with the ensemble mean and to check for consistency
with previous studies. In addition to single-model en-
semble performance, 40-member and 90-member mul-
timodel ensemble blends (NCEP + CMC and NCEP +
CMC + ECMWF, respectively) were analyzed by
combining the forecasts of the individual EPSs. The
combination of CMC + NCEP is often referred to as the
North American Ensemble Forecast System (NAEFS).

The ERA-Interim reanalysis (Uppala et al. 2005) at
T255 spectral grid resolution and 60 vertical levels was
used to verify and evaluate cyclone properties for each
EPS. Previous studies have also used ECMWEF analyses
to verify cyclones (Froude et al. 2007; Froude 2010). The
GFS analyses were also utilized in our study in order to
assess the sensitivity of the results to different analyses,
but little sensitivity (<5%) was found past hour 12 of
the forecast (Korfe 2016). To allow the use of an auto-
mated cyclone-tracking scheme on a latitude-longitude
grid, all the analysis and ensemble data were linearly
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F1G. 1. Cyclone track density for the ERA-Interim analyses
showing the number of cyclones per cool season (October-March)
per 50000 km? for 2007-15. The black box shows the verification
domain used for cyclones passing within this box during the
forecast.

interpolated onto a 1.0° latitude—longitude grid using a
simple 2D spatial interpolation technique. This resolu-
tion allowed for efficient use of the long-term ensemble
dataset and a fair comparison of results for each EPS.

b. Cyclone verification approach

The details pertaining to the cyclone-tracking process
and cyclone-matching methodology are described in this
section. The following cyclone-tracking approach
closely resembles that of Colle et al. (2013), and the
verification approach closely resembles that of research
conducted by Froude (2010), with some noted changes
to better match forecast cyclones in the medium range.

1) CYCLONE TRACKING

The Hodges cyclone-tracking scheme (Hodges 1994,
1995) was used to obtain the cyclone tracks by tracking
6-hourly anomaly MSLP data from the models and an-
alyses. The domain for the study is from 25° to 65°N
and 100° to 40°W over eastern North America and the
western Atlantic, with the East Coast and west Atlantic
(ECWA) box embedded for identifying U.S. East Coast
cyclones (Fig. 1). Only cyclones that pass through the
ECWA box were analyzed unless otherwise noted. All
EPSs were tracked using the 0000 UTC model cycle only
for the day-0-6 forecasts using 6-hourly output in-
crements. The following data-processing and cyclone-
tracking methods using MSLP data has been utilized in
other studies (Hoskins and Hodges 2002; Colle et al.
2013). First, the data were preprocessed using a spectral
bandpass filter (Anderson et al. 2003). The planetary
scales with wavenumbers below 6 are removed from the
dataset, as well as wavenumbers above 70 for easier
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cyclone detection. Similar to Colle et al. (2013), the
cyclone-tracking scheme was set to retain only cyclones
that lasted a minimum of four time steps (24h) and
traveled at least 1000km. To allow for more accurate
feature point detection, the Hodges approach tracks
the anomaly pressure, the MSLP field after it has
undergone a discrete cosine transform. Consequently, to
find the minimum MSLP values for each cyclone, the
lowest pressure within 5° of the identified pressure
anomaly was applied. Colle et al. (2013) also manually
evaluated and hand tracked cyclones for 11 months
(2286 cyclones) using the same criteria and found that
the probability of detection (POD) was ~92%, and the
false alarm rate was ~5%, so the uncertainty in the
automated tracking results is likely between 5% and
15% of the total number of storms.

Figure 1 shows the average cool-season cyclone den-
sity (storms per 50000km?) using the ERA-Interim
analyses. There are two clusters of high cyclone track
density (more than six cyclones per cool season) ex-
tending northward from around the Great Lakes toward
Hudson Bay and another over the western Atlantic to
the north of the Gulf Stream and extending northward
to the North Atlantic. Areas in the North Atlantic tend
to be areas of cyclolysis, where cyclones propagate very
slowly, occlude, and can persist for days (Hoskins and
Hodges 2002).

2) CYCLONE-MATCHING METHODOLOGY

To validate the ensemble forecast cyclone tracks
against the analysis cyclone tracks, a systematic ap-
proach matched the forecast tracks to the appropriate
analysis track using criteria similar to those of Froude
(2010). The two tracks must meet predefined spatial and
temporal criteria:

1) The pairing distance d of each point in an individual
forecast track to each point in the analysis track,
which coincides in time with the analysis track, was
less than the maximum pairing distance d,,x, Which
will be described later. The distance d is calculated at
every 6-h time period within the analysis track:

d=d, . (1)

2) As we show below, at least 7% of the points in the
forecast track coincide with the analysis track, where
N, and N denote the total number of points in the
analysis track and forecast tracks, respectively, and
Ny, denotes the number of points in the analysis track
that coincide in time with the forecast track:

2N
100X (—M |\ =T. 2
00 (NA+NF) ( )
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Each analysis point has a corresponding storm iden-
tification (ID) number of the closest forecast track that
satisfies Eq. (1). If the matched forecast ID for a par-
ticular analysis cyclone is the same for greater than or
equal to T% of the lifetime of the analysis cyclone, the
forecast track is matched with the analysis track.

Sensitivity tests were conducted to determine the best
values for d,,,,x and T, with preferred values determined by
matching results and previous studies. The d,,x value of
1200km and 7 value of 60% were used based on this as-
sessment (Korfe 2016). If the d,,, value, which can be
described as a radius around the analysis point, is too large
(>1600km), there will more inaccurate matching of fore-
cast tracks in the medium range or for cases where the
model does not identify a cyclone as it should for a par-
ticular region. If the dp,, value is too small (<800km),
valuable forecasts in the medium range that have cyclone
formation may be unmatched along the U.S. East Coast
because the cyclone position may extend beyond the
smaller radius value. Similarly, Froude (2010) used a T
value of 60%, but they used a technique in which only the
first four track points are compared with the analysis track
to determine matching. Conversely, our study takes into
account the entire track length to help improve matching
during the medium range. After this matching process has
concluded, any remaining unmatched analysis (forecast)
cyclones were considered misses (false alarms).

The number of ensemble members that match a given
analysis track will vary for different forecast start times and
different EPSs. Also some forecasts can have different
track lengths, which will cause differences in the number of
data points for each model. As lead time increases, the
number of cyclones matched will decrease; therefore, a
minimum number of ensemble members must be identified
for an ensemble mean calculation to be performed. Only
cases with greater than or equal to 40% of the ensemble
members (as in Buckingham et al. 2010) matched in all
three EPSs were included. Therefore, NCEP and CMC
require 8 minimum members, while ECMWF requires 20
members. This is a 15% increase in membership compared
with some previous studies (Froude 2010). The ECMWF +
NCEP + CMC ensemble requires all three EPSs to satisfy
their matching criteria for a case to be included in the
dataset (e.g., 8 + 8+ 20 = 36 members). This approach
allows for enough members to be included to calculate
probabilistic metrics, but since it does not include events
with fewer members tracked, the results in this study may
make the cyclones more predictable than in reality.

c. Ensemble metrics

The ensemble mean cyclone position can be defined
as the average of each perturbation member’s forecast
position at a given lead time:
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where x; represents the position of the ith member of the
ensemble, and N is the total number of ensemble
members. Equation (3) indicates the ensemble mean is
inferred by finding the average position of the pertur-
bation members at a given lead time in vector space. The
ensemble spread is defined by Goerss (2000) as simply
the average distance of the perturbation members to the
ensemble mean.

All distances between track points are calculated us-
ing the great-circle distance between two points, as in
Froude et al. (2007), such that potential biases caused by
projections will be avoided. The track vector is an av-
erage of the track vectors during the 6 h prior to and 6 h
after the comparison time. The absolute track error is
computed for each perturbation member and can be
described as the distance between the forecast and ob-
served cyclone positions. The absolute track can be de-
composed into the along- and cross-track components.
The cross-track error is defined as the error normal to
the observed track. The along-track error is then defined
as the distance between the observed cyclone position
and the intersection of the cross-track line coinciding
with the observed cyclone track (Froude et al. 2007). For
statistical purposes, the cross-track error is positive
(negative) when a cyclone is forecast to the right (left) of
the observed cyclone, and the along-track error is posi-
tive (negative) when a forecast cyclone is ahead of
(behind) the observed cyclone. This allows for the cal-
culation of the forecast bias by taking the average error
in the along- and cross-track directions.

Some of the commonly used definitions and metrics
used to discuss ensemble performance are utilized in
this study, such as mean error (ME), mean absolute
error (MAE), Brier score (BS; Wilks 1995), Brier skill
score (BSS), and probability within spread (PWS;
Buckingham et al. 2010). The ME and MAE scores
were calculated using either those selected matched
members or the cyclone position and intensity values
from the calculated ensemble mean. The BS quantifies
some of the probabilistic performance, with its re-
liability (REL) component evaluating the mean dif-
ference between the ensemble’s probability forecast
and the actual probability forecast. The BSS assesses
the probabilistic skill relative to some reference fore-
cast, in which the probability of exceeding a particular
threshold can only be 0 or 1. PWS estimates the likeli-
hood of an observed cyclone falling within the disper-
sion of the ensemble by considering varying distances
from the ensemble mean (Buckingham et al. 2010).
PWS can be described as

KORFE AND COLLE

113

1 0:s,, > k(o),
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PWS =
where k is an integer, n is an integer, N is the total
number of forecasts at a given lead time, s, is the dis-
tance from the ensemble mean to the observed cyclone,
and o is the spread of the ensemble. Assuming the
members are sampled from a normal distribution with
standard deviation o, PWS [Eq. (4)] should have values
of 0.68, 0.95, and 0.997 corresponding to 1o, 20, and 30

To test for statistical significance when computing
ensemble statistics, a bootstrapping method was utilized
to resample the data and determine proper confidence
intervals around the ensemble mean errors (Zwiers
1990). The bootstrapping technique makes no assump-
tions about the overall distribution of the data. To test if
two different ensemble means are significantly different
at a given lead time, sample values would be drawn and
resampled from the original data, allowing repeated
selections. This process was completed 1000 times to find
the 90th percentile confidence intervals around the en-
semble means of the resampled values. If the confidence
intervals for two values do not overlap, those values are
considered significantly different at the 90% level.

3. Deterministic verification
a. Cyclone intensity

Figure 2a shows the MAE for intensity (cyclone cen-
tral pressure) versus forecast lead time calculated for
each individual ensemble member and averaged over
the domain region shown in Fig. 1. For the 0-60-h
forecast period, ECMWF and NCEP have similar er-
rors for intensity (3.9- and 4.1-hPa errors by 60h, re-
spectively), while CMC has a larger error (~4.7 hPa at
60h) that is significantly larger than ECMWF and
NCEP at the 90% level. For 84-120-h lead times, the
NCEP error growth increases more rapidly than
ECMWEF, resulting in ECMWF (NCEP) having less
(more) error of ~7hPa (~8hPa) by 120h. Overall,
ECMWEF has the smallest MAEs for intensity after 72 h,
while CMC has the largest intensity errors throughout
the medium-range period (72-144h). This results in
ECMWEF having 12-18 h more lead-time accuracy than
NCEP and a 24-30-h advantage over CMC. When an-
alyzing the ensemble mean by taking the average MSLP
field using all members and verifying the mean track, the
models rank similarly (Fig. 2a), the NCEP + CMC en-
semble mean decreases the cyclone intensity MAE by
0.25-0.5hPa relative to the NCEP mean for 96-144h
(Fig.2a), and this ensemble blend is more comparable to
ECMWEF than either NCEP or CMC individually. The
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FI1G. 2. (a) MAE for cyclone intensity (central pressure) averaged
for all individual ensemble members and the ensemble mean. (b) As
in (a), but for ME but only for the averaged ensemble members.
(c) As in (b), but for relatively deep (greater than one standard de-
viation) cyclones in the analysis or any ensemble member.

ECMWF mean still has smaller errors than the NCEP
mean and CMC mean that is significant at the 95% level
starting at hour 48. Also, we explored whether the lower
MAEs for ECMWEF were the result of ECMWF having
50 members, while there are only 20 members for NCEP
and CMC. The MAE was recalculated for ECMWF but
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using 20 random members, and the MAEs were nearly
identical before hour 72 and less than 5% different after hour
72 (not shown). This is consistent with Majumdar and
Finocchio (2010), who verified 2008 Atlantic tropical cyclones
and found little difference between the results when using 20
random members of ECMWEF versus all 50 members.

To assess the model intensity bias, the ME was cal-
culated using the difference in the mean intensity of
each ensemble member track and the matched analysis
track (Fig. 2b). Thus, a positive bias is associated with a
cyclone underprediction. After a small positive bias
early in the forecast period, the CMC bias changes from
positive to negative (~0.40 hPa) at 60 h, and this pattern
persists throughout the medium range. Meanwhile,
NCEP develops a slight negative bias (—0.25hPa)
after 96h. In contrast, ECMWF maintains a small
(~0.20 hPa) positive bias throughout the medium range.

For relatively deep cyclone events, in which the cy-
clone intensity for the ensemble mean forecast or ob-
served cyclones was more than 1.0 standard deviation
below the mean cyclone intensity threshold for the
U.S. East Coast (mean ~994hPa; standard deviation
~14hPa), there is intensity underprediction beginning
in the short range (days 1-3) and growing above 2 hPa by
the medium range (days 4-6) in all three EPSs (Fig. 2¢).
These deep cyclone events represent ~22% of the total
cases in the ECWA domain. Figure 3 shows the tracks of
the NCEP control member with large positive (nega-
tive) intensity error above (below) the mean error at
96 h. This member was used since there is no ensemble
mean member in the dataset, and each member should
share the same systematic pressure bias as the ensemble
mean. Cyclones with the largest forecast errors fre-
quently develop along the East Coast, with errors
maximizing as the cyclones pass the Gulf of
St. Lawrence. For the large positive cyclone errors at
96 h (>7.6hPa), the cyclone tracks are generally more
offshore near the edge of the Gulf Stream and extend
toward the northeast, while the 96-h negative pressure
error cyclones (<—7.9hPa) are clustered more over
the eastern Great Lakes and near Newfoundland. This
would imply that the model struggles at times to pro-
duce the necessary cyclonic amplification offshore
where there are strong low-level baroclinic zones and
potentially large surface fluxes, while there is too much
cyclone amplification as the cyclones mature over the
Great Lakes and Newfoundland regions.

Additional evidence for underdeepening of cyclones
offshore can be obtained by comparing the difference in
spatial cyclone track density per cool season from the
ECMWEF control member (Fig. 4a) and NCEP control
member (Fig. 4b) day-4-6 forecasts with the ERA-
Interim reanalysis in Fig. 1. This approach does not
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FIG. 3. Tracks of NCEP control member forecasts for cyclones

with (a) negative and (b) positive intensity errors at hour 96 that

are more than 1.5 standard deviations above (below) the mean

error of all cyclones (7.6 hPa for positive error and —7.9 hPa for

negative error). The red exes indicate the locations of the cyclones
at forecast hour 96 when the large error is occurring.

require cyclone matching and its associated un-
certainties. There is an underprediction of 0.5-1.0 cy-
clones per cool season (5%-10%) off the U.S. East
Coast extending northeastward along the active cyclone
track region into the Atlantic. Since this signal is present
in both the ECMWF and NCEP control member density
fields, the underforecasting of cyclones is a common is-
sue during the medium-range period.

b. Cyclone track

Figure 5a shows the MAEs for cyclone displace-
ment versus lead time using each individual ensemble
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FI1G. 4. Difference in cyclone track density for the (a) ECMWF
control member and (b) NCEP control member compared with the
ERA-Interim analyses showing this per cool season (October—
March) per 50 000 km? for 2007-15.

member separated into the along- and cross-track
components as described in section 2c. ECMWF has
the smallest MAE:s for total displacement after 60 h, but
only the smaller errors for hours 84-120 are statistically
significant compared to the other forecasts. Beginning at
84 h, the CMC absolute track error growth slows and by
144h CMC has a ~700-km average error that is within
the confidence intervals of ECMWF and NCEP (640-
and 670-km errors, respectively). The along- and cross-
track error evolutions are similar to the total track error
evolution. The along-track component contributes more
to the total track error than the cross-track component,
with nearly ~60% (~55%) of track error at 144 h (72 h).
During the short-range period (0-72h), ECMWF and
NCEP have similar along-track errors. From 96 to 144 h,
NCEP and CMC have similar along-track errors, while
ECMWEF has a significantly smaller along-track error.
From 12 to 48h, the ECMWF cross-track absolute
errors are significantly less than CMC (Fig. 5a), but not
significantly less than NCEP. From 60 to 144 h, both

Unauthenticated | Downloaded 01/03/23 09:02 PM UTC



116

CMC Absolute Track
s NCEP Absolute Track
00 || = ECMWF Absolute Track -~
CMC Along Track
==== NCEP Along Track
600 k| === ECMWF Along Track
CMC Cross Track
== NCEP Cross Track
00 | L==—ECMWF Cross Track

Lead Time (h)

300

-
CMC

——NCEP

200 - | =——=ECMWF

-100 +

100

4

Distance (km)

==
e

-200 +

-300

0 12 24 36 48 60 72 84 96 108 120 132 144

Lead Time (h)

200

150 (c)

100

-50 F

Distance (km)

-100

150 F

=200

L L s L " s s " L L s "
0 12 24 36 48 60 T2 84 9 108 120 132 144

Lead Time (h)

FIG. 5. (a) Average MAE (km) for absolute (total) track and
cross- and along-track directions for all members tracked sepa-
rately and the different ensemble systems (NCEP, CMC, and
ECMWE). (b),(c) Asin (a), but for ME (km) for the along-track and
cross-track directions, respectively. Along-track error is positive
(negative) when a forecast lies ahead of (behind) an observed cy-
clone and cross-track error is positive (negative) when a cyclone is
forecast to the right (left) of the observed track. Confidence intervals
at the 90% significance level are given by the vertical bars.

CMC and NCEP have significantly larger cross-track
errors than ECMWEF. Cross-track errors at 144 h are 280,
300, and 310km for ECMWF, NCEP, and CMC, re-
spectively, indicating a smaller error spread among the
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ensembles during the medium-range period. The com-
bination of the NCEP + CMC ensembles decreases the
along-track MAE by ~40km in the medium range (not
shown), so this ensemble blend is more comparable to
ECMWEF than either the NCEP or CMC ensembles in-
dividually. However, the ECMWF + NCEP + CMC
and ECMWF ensembles have superior cross-track MAE
scores before the medium range, with nearly 30km less
error than the NCEP + CMC ensemble (not shown).

All three EPSs have a negative along-track bias (0—
100 km) from past 12 h to the end of the forecast period,
which is statistically significantly different than zero
from 24 to 90 h (Fig. 5b). This implies that the ensemble
cyclones move too slowly on average. The negative
along-track bias ranges from 20-75km during most of
the short range (12-72h) to 50-100km in the medium
range. Because of the large variability in the forecasts,
this result is not significant from 96 to 144 h, with the
confidence interval ranging from 10 to —200km at hour
144. Cross-track biases also show a (5-50km) negative
bias (left of track bias) throughout the forecast period
for CMC and NCEP (Fig. 5c), while ECMWF has no
bias through the short range and a small negative bias
(5-30km) in the medium range. Although not statisti-
cally significant, ECMWF, NCEP, and CMC have neg-
ative cross-track biases of 25, 35, and 50 km from 120 to
144 h, respectively.

Figure 6 shows the percentage best and worst for
short-range (0-72h) and medium-range (72-144h)
forecasts for the cyclone intensity (hPa), along-track
(km), and cross-track (km) errors. For medium-range
(72-144h) cyclone intensity forecasts (Fig. 6), the
ECMWF mean is best (worst) approximately 32%
(24%) of the time, NCEP 24% (38%), CMC 23%
(36%), and NCEP + CMC + ECMWF 12% (1%).
While the multimodel ensemble blends, especially
the ECMWEF + NCEP + CMC ensemble, are not the
most likely to be the best forecast out of the five
models in the short and medium ranges, they are very
rarely the worst EPS and often are the second- or
third-best EPS for intensity and along- and cross-
track forecasts.

c. Spatial distribution of errors

To illustrate the spatial distribution of MEs for cy-
clone intensity and displacement (along and cross track)
for the medium range (72-144h), the errors were spa-
tially interpolated onto a 1.0° latitude—longitude grid
and averaged over the eight cool seasons. A minimum
threshold of 20 cyclone data points for each 1° box is
required to be included in the spatial display, which is
~2.5 cyclones per cool season per grid point. There
represents a 4-6-hPa underdeepening bias in the North
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intervals at the 90% significance level are given by the vertical bars.

Atlantic in all three EPSs (Figs. 7a—c), while the over-
deepening along the East Coast is 2-4 hPa. The standard
deviation is 5-8 hPa in these areas for all ensembles, with
CMC showing larger standard deviation values across
the domain.

The spatial distribution of the medium-range along-
track error has a well-defined negative (slow) bias across

the domain for all EPSs (Fig. 8). Across the western
Atlantic and active cyclone track region, there is a 100—
150-km slow bias, while across the eastern United States
there is a small positive along-track bias (50-100km)
that is more prevalent in NCEP (Fig. 8b). A larger
standard deviation of ~150km is more widespread with
CMC (Fig. 8a) than the ~100-km values in ECMWF and
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NCEP (Fig. 8c). Over the western Atlantic a negative
cross-track bias (100-150 km) exists, suggesting a left-of-
track bias for this area (not shown). The largest negative
cross-track errors occur over the southeastern United
States and have a larger magnitude for NCEP and CMC
(250-300km) compared with ECMWF (200-250 km). It
was shown above that these storms are overdeepened
over the southeast United States, so it is hypothesized
that these storms are slow and too far west since the
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upper trough is too amplified. Once again, large stan-
dard deviation values (200-300km) over this region
indicate a large range of errors.

When comparing the spatial distribution of large
biases for intensity and displacement in the medium
range, there are some noteworthy overlaps. The large
area of underdeepening (~3-5hPa) in the North
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Atlantic (Fig. 7) is also an area of large negative along-
track bias (~200-250km) (Fig. 8). Large discrepancies
in model and observed cyclones intensity could be oc-
curring because the forecast cyclones are propagating
too slowly. Weaker synoptic-scale flow and associated
weaker baroclinicity with the system could cause this
underdeepening and slow bias. Since this is a common
region for rapid cyclone intensification, this result
requires further investigation of the physical pro-
cesses. Additionally, large areas of overdeepening
bias (~2-4 hPa) in the eastern United States coincide
with areas of large positive along-track error (~250-
300km) and moderate negative cross-track errors
(~200km).

d. Intraseasonal cyclone errors

To determine the change in yearly cyclone inten-
sity and displacement MAEs, the errors were binned

into short- and medium-range groups and displayed as
grouped yearly bar charts (Fig. 9). Each EPS shows a
trend of decreasing MAEs in yearly cyclone intensity for
the short range, while the first 5 years show a decrease in
cyclone track MAEs and more similar errors over the
last 3 years. During the medium range, there is large
interannual variability, with only ECMWF showing a
gradual decline in MAEs for cyclone intensity (~1hPa)
over the 8-yr period. Medium-range cyclone absolute-
track MAE values have improved for each ensemble,
with ECMWF and CMC demonstrating less variability
then NCEP on a yearly basis. Once again ECMWEF has
the largest track error reduction during the period, es-
pecially between 2011 and 2012. There were upgrades to
the ECMWF model in May 2012 and June 2012 that may
have led to this improvement (https://www.ecmwf.int/
en/forecasts/documentation-and-support/changes-ecmwi-
model/ifs-documentation).
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4. Probabilistic verification
a. Brier skill score

To evaluate if an ensemble shows any improvement
over another ensemble or deterministic model, the BSS
was calculated. For this study, the NCEP control mem-
ber is used as the reference model. A BSS of 1 indicates
that the ensemble gives a perfect forecast compared to
the reference score, while a BSS of 0 would indicate that
the ensemble shows no improvement over the reference
score, and a negative value shows that the ensemble is
less skillful than the reference model.

Figure 10 shows the BSS calculated using the
ECMWF, NCEP, and CMC models, as well as two
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multimodel ensembles, at various intensity thresholds.
All three EPSs and multimodels are more skillful than
the reference NCEP control member for all thresholds
in the short and medium ranges. For the short range
(Fig. 10a), the ECMWF + NCEP + CMC ensemble has
the largest BSS scores, is significantly more skillful than
NCEP for all thresholds from 975 from 1010hPa, and
shows significantly more skill than CMC for thresholds
of 995-1010hPa. ECMWF has slightly lower BSS
values than the ECMWF + NCEP + CMC ensemble
scores. The NCEP + CMC blend has slightly better BSS
scores than either NCEP or CMC for all thresholds;
however, this result is not significant. Figure 10b shows
the medium-range BSS for cyclone intensity. The
ECMWF + NCEP + CMC ensemble continues to
demonstrate superior probabilistic skill across all
thresholds, and it is significantly better than NCEP for
all thresholds and significantly better than CMC for the
weaker thresholds (1000-1010 hPa). The NCEP + CMC
ensemble has BSS values similar those of ECMWEF, in-
dicating some added benefit, as ECMWF is significantly
better than CMC at weaker thresholds (1000-1010 hPa)
and shows much greater skill than NCEP at stronger
thresholds (975-985 hPa).

The BSS was also calculated for each EPS over a
range of displacement thresholds using the absolute-
track displacement for each ensemble member (Fig. 11).
This is a comparison of the cyclone displacement errors
for the NCEP control member and the ensembles by
showing the probability of the ensemble members being
forecast within the given displacement radius thresh-
olds. The displacement BSSs for the short range are
similar for the ECMWF + NCEP + CMC ensemble and
ECMWEF for all thresholds. The largest probabilistic
skill is for the <150- and 300-km displacement bins, with
values ranging from 0.52 to 0.48. For larger displacement
thresholds (750 and 900 km), the ECMWF + NCEP +
CMC ensemble and ECMWF are significantly better
than the other three EPSs. The NCEP + CMC ensemble
has a 0.05-0.1 greater BSS than either CMC or NCEP
for all thresholds, and it is comparable to ECMWF at the
smallest thresholds (<150, 300, and 450 km). CMC and
NCEP have similar BSS values between 0.10 and 0.30,
with the lowest values (0.10 and 0.15) occurring at the
600-km-distance threshold. The performance of each
EPS is similar for the medium range (Fig. 11b); however,
the BSS values slightly increase as the displacement
thresholds increase. Unlike the short range, the NCEP +
CMC ensemble is comparable to the ECMWF + NCEP +
CMC ensemble and ECMWEF for all thresholds. Overall,
the BSS scores are higher in the medium range compared
with the short range for all thresholds, indicating more skill
than the reference model.
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b. Reliability

To visually identify how often a forecast probability
actually occurs, reliability diagrams at various intensity
thresholds were created for the medium range (Fig. 12).
For this calculation, all events with at least 40% mem-
bership for all three EPSs were verified using all forecast
and matched cyclones to ensure a fair comparison.
Missing members in those cases were used; that is to say,
the forecast probabilities are always calculated based on
20 members for NCEP and CMC and 50 members for
ECMWF. Since minimum ensemble membership as-
sumptions were used for the reliability calculation, these
results may overestimate the skill in the medium range.
A perfectly reliable ensemble is defined by the solid 1:1
line in Fig. 12, the dashed sloped lines indicates no skill,
and the dashed horizontal and vertical lines signify no
resolution (climatology). Values above the 1:1 line sig-
nify the ensemble is underconfident, while slopes below
the 1:1 line signify the ensemble is overconfident. The
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probabilities are defined as whether or not the cyclone
intensity (hPa) is less than or equal to the average min-
imum central pressure (Fig. 12a), 1.0 standard deviation
below the average minimum central pressure (deep cy-
clones) (Fig. 12b), or 1.5 standard deviations below the
average minimum central pressure (Fig. 13c). NCEP and
CMC are somewhat underconfident at lower probabili-
ties during the medium range (72-144h) for average
cyclones (0.10-0.30) by 3%-5% and overconfident at
higher probabilities (>0.70) by 3%-5% while ECMWF
is very reliable during these periods. For deep cyclones
(Fig. 12¢), NCEP and CMC are largely overconfident for
nearly all probabilities (0.20-1.0), while ECMWF is also
overconfident for most probabilities (0.30-1.0). CMC
notably overforecasts deep cyclone events by 10% for
moderate forecast probabilities (0.50-0.60), while for
the same probabilities NCEP overforecasts by 5% and
ECMWF by 3%. During events where each ensemble
gives a 100% chance of the cyclone being of deep cy-
clone intensity, only ~94% verify. For the much deeper
cyclones (Fig. 12c), all three EPSs are greatly over-
confident for moderate probabilities (0.40-0.60) by 5%—
10% and at higher probabilities (>0.70) by 5%-8%,
10%, and 12%-15% for ECMWF, NCEP, and CMC,
respectively. Overall, each EPS has less reliability for
forecasting deep cyclones than average cyclones for
moderate to high probabilities, while lower probabilities
(0.10-0.30) show more variability for each ensemble.

c¢. Ensemble consistency

1) OUTSIDE THE ENVELOPE

A wuseful metric when investigating whether the
spread of an ensemble is appropriate is calculating the
number of cyclone cases that fall outside of the ensem-
ble envelope. These cases occur because the ensemble is
underdispersed, and there is not enough ensemble
spread introduced when using all the matched members.
Outside the envelope cases are found by ordering the
matched ensemble member intensity, along-, and cross-
track values from lowest to highest for a particular
forecast time period and counting the cases where the
observed value is above or below all ensemble member
values. After the total number of outside the envelope
cases is found, the percentage of outside the envelope
cases can be determined by dividing by the total number
of cases for the forecast period. Assuming any distri-
bution with limited members, there is a finite probability
that the observed value lies outside the envelope.
Therefore, when the ensemble size increases, the prob-
ability of cases outside the envelope should decrease.

Figure 13 shows the total number of outside-the-
envelope cases in the medium range for each EPS for
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cyclone intensity and track. ECMWF has slightly lower
outside-the-envelope frequency when compared to the
NCEP + CMC ensemble for cyclone intensity (5.3%—
5.6%), along-track (4.7%-5.2%), and cross-track
(3.2%-4.1%) results. The ECMWF + NCEP + CMC
ensemble has the least amount of cases (1.9%, 1.8%, and
1.0%) outside the envelope. For cyclone intensity, most
of the outside-the-envelope cases tend to have forecasts
that are too strong (Fig. 13a), while the along-track cases
tend have forecasts that are too slow (Fig. 13b), and the
cross-track sample has a less noticeable, but slight ten-
dency to have cases that are to the left of track (Fig. 13c).
These results are consistent with the cyclone intensity,
along-, and cross-track biases from the previous section.
Overall, there are adequate differences between the 20-
member CMC and NCEP EPSs, as well as similarities
between the NCEP + CMC and 50-member ECMWEF,
with very few cases outside the envelope for the
ECMWF + NCEP + CMC ensemble.

2) PROBABILITY WITHIN SPREAD

Another quantity of interest when investigating the
consistency and dispersion of an ensemble is the PWS.
Figure 14 shows the PWS for distances of 1o, 20, and
30 from the ensemble mean cyclone intensity. The dashed
lines show what the expected probabilities should be, but
these should be used as a reference because the ensembles
are not completely Gaussian. Values above (below) the
expected probability would indicate overdispersion (un-
derdispersion) calculated by considering the likelihood the
observed cyclone falls within a set dispersion of the en-
semble calculated by varying standard deviations o from
the ensemble mean. For 1o, PWS is less than 0.68 for all
lead times (0-144h) and ensembles. The ECMWF +
NCEP + CMC ensemble has the largest values between
0.67 and 0.62 from 0 to 60 h, while NCEP has the lowest
from 0.55 to 0.57 over the same period. For lead times of 0—
24 and 120-144h, the ECMWF + NCEP + CMC en-
semble has a significantly larger PWS than the individual
single-model ensembles, while the NCEP + CMC en-
semble also has larger values than each single-model en-
semble, albeit not significant. For 20 and 3o the
multimodel ensembles have larger PWS results across all
lead times (0-144h), while ECMWF, NCEP, and CMC
have similar values that are comparable.

PWSs for along-track distances from the ensemble mean
show the ECMWF + NCEP + CMC ensemble and
NCEP + CMC ensemble are above the expected 0.68 and
0.95 values for 1o~ and 20 distances for all lead times (0
144 h), while the ECMWF + NCEP + CMC ensemble has
significantly larger PWSs for 3o distances compared with
each single-model ensemble (Fig. 15). For 1o distances,
ECMWEF, NCEP, and CMC are all at the expected 0.68
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FIG. 15. As in Fig. 14, but for along-track displacement (km).

value from 72 to 144 h and within 0.01 of the expected 0.95
values for 2¢ distances and comparable to the multimodel
ensembles. This would indicate that the multimodel en-
sembles are slightly overdispersed for 1o distances from
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the mean, compared to the single-model ensembles. The
PWSs for the cross-track results show that only NCEP falls
below the 0.68 expectation for 1o~ and has a significantly
lower PWS than both of the multimodel ensembles from
0 to 108h (Fig. 16). Additional cross-track probabilities
between 20" and 30 are similar to the along-track proba-
bilities. Overall, the PWS for the multimodel ensembles
shows significant benefits over single-model ensembles,
especially early (0-24h) and late (120-144h) in the
forecast period.

5. Summary and conclusions

The primary goal of this study was to complete a
comprehensive verification of cool-season extra-
tropical cyclones from an ensemble perspective using
the ECMWF, NCEP, and CMC ensembles from 2007
to 2015 for eastern North America and the western
Atlantic Ocean. The cyclone verification is binned into
different groups according to forecast lead time, cy-
clone intensity, and range of cyclone errors at various
lead times. Individual member analysis shows ECMWF
has the lowest intensity MAEs after 72 h, while CMC
has the largest intensity error throughout the medium-
range period (72-144h). ECMWF has 12-18 h more
accuracy than NCEP and a 24-30-h advantage over
CMC. Yearly analysis indicates ECMWF has gained
18-24h of lead time in the short range over the past 8
years, while NCEP and CMC have gained ~12h of lead
time. This improvement over the years is likely from an
increase in model resolution and better data
assimilation.

In contrast, the medium range has much more in-
terannual variability for cyclone intensity. The ECMWF
mean has significantly less MAE compared with the
NCEP and CMC means from 42 to 144 h. Additionally,
during the medium range the ECMWF mean maintains
~1hPa more skill than the NCEP and CMC means. At
these medium-range time scales, the initial upper-level
disturbance is often over the northern Pacific (Zheng
et al. 2013), thus suggesting that the ECMWF may be
assimilating observations over this region. Spatially,
during the medium range the magnitude of the under-
deepening bias for all ensemble systems in the North
Atlantic increases to 4-6hPa and the overdeepening
along the East Coast is 2-4 hPa with standard deviation
values ranging from 5 to 8hPa. The overdeepening
suggests that the models are either too strong with the
low-level baroclincity over this coastal land region or
there is too much latent heating from precipitation. On
the other hand, underdeepening over the Atlantic may
reflect too little surface heat and moisture fluxes over the
water. These hypotheses need to be tested in future work.
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FIG. 16. As in Fig. 14, but for cross-track displacement (km).

For cyclone displacement from 0- to 144-h lead
times, ECMWF has the smallest absolute-track MAE
after 60h, but only hours 84-120 are statistically sig-
nificant. Beginning at 84h, the CMC absolute-track
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error growth slows and by 144h CMC has a ~700-km
average error that is comparable to those of ECMWF
and NCEP. The along-track component contributes
more to the total track errors than the cross-track
component, with nearly ~60% (~55%) of the track
error at 144 h (72 h) for each EPS. Cross-track errors
at 144h vary between 280 and 310km for all three
EPSs, indicating a smaller error spread among the
ensembles during the medium-range period. The an-
nual variability in absolute-track error shows im-
provement, especially in the medium range, with the
ECMWF having the greatest improvement and
smallest errors. All three EPSs have a negative (slow)
along-track bias (0-100km) from past 12h to the end
of the forecast period, and the results are significant
from 24 to 90h. The slow bias is consistent with
the overdeepened cyclones and associated upper-level
troughs over the eastern United States, which as a
result progress eastward more slowly. Cross-track
biases also show a (5-50km) negative bias (left-of-
track bias) throughout the forecast period for NCEP
and CMC, while ECMWF has no bias through the
short range and a small negative bias (5-30km) in the
medium range.

The combination of the NCEP + CMC ensemble
decreases cyclone intensity (along track) MAE by
~0.5hPa (~40km) in the medium range, so this en-
semble blend is more comparable to ECMWF than ei-
ther NCEP or CMC individually. For medium-range
cyclone intensity forecasts, the ECMWF, NCEP, and
CMC means are the best (worst) 32% (24%), 24%
(38%), and 23% (36%) of the time, respectively.
While the multimodel ensemble blends, especially the
ECMWF + NCEP + CMC ensemble, are often not the
best forecast out of the five models in the short and
medium ranges, they are very rarely the worst EPS and
are often the second- or third-best EPS for intensity,
along-, and cross-track forecasts. This highlights the
importance of using multimodel ensembles to avoid
potential forecast busts.

ECMWF has the greatest probabilistic skill when
compared to NCEP and CMC; however, on average the
multimodel ensembles have better probabilistic skill
than all single-model ensembles. Intensity BSS calcula-
tions show that the ECMWF + NCEP + CMC ensem-
ble demonstrates superior probabilistic skill across all
thresholds, and it is significantly better than NCEP for
all thresholds and significantly better than CMC for the
weaker thresholds (1000-1010 hPa) during the short and
medium ranges. The NCEP + CMC ensemble has BSS
values similar to ECMWF, indicating some added
benefit. Displacement BSSs calculated over a range of
displacement thresholds using the absolute-track
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displacement for each member show that for larger
displacement thresholds (750 and 900km), the
ECMWF + NCEP + CMC ensemble and ECMWF are
significantly better than the other three EPSs during
the short range. The NCEP + CMC ensemble has a
0.05-0.1 greater BSS than either NCEP or CMC for all
thresholds, and it is comparable to ECMWF at the
smallest thresholds (<150, 300, and 450km). Thus,
there is an advantage in using this NAEFS (CMC +
NCEP) ensemble rather than each of the ensembles
individually. The performance of each EPS is similar
for the medium range; however, the BSS values slightly
increase as the displacement thresholds increase.
Overall, the BSS scores are higher in the medium range
compared with the short range for all thresholds, in-
dicating more skill than the reference model for larger
lead times.

Ensemble consistency was evaluated by calculating
the cases outside the ensemble envelope and the prob-
ability within spread (PWS). During the medium range,
the ECMWF + NCEP + CMC multimodel ensemble
has the least amount of cases (1.9%, 1.8%, and 1.0%)
outside the envelope compared with ECMWF (5.6%,
5.2%,and 4.1%) and NCEP (13.7%, 10.6%, and 11.0%)
for cyclone intensity, along-, and cross-track forecasts.
The PWS for multimodel ensembles shows significant
benefits over single-model ensembles, especially early
(0-24h) and late (120-144h) in the forecast period.

Opverall, this study improves the understanding and
utility of ensembles for forecasting extratropical cyclones
along the East Coast. This paper emphasizes the impor-
tance of using multimodel ensembles for forecasting
these events. The ECMWF ensemble delivers the best
performance of any one ensemble in the medium range,
but utilizing all three ensembles is best. There are im-
portant biases for forecasters to consider such as the
along-track slow bias and an underprediction bias in the
medium range. Future work will explore some of the
potential reasons for these systematic track and intensity
biases. Also, one limitation of our approach is that our
verification is limited to those forecast members that have
cyclone tracks, thus ignores those members with no cy-
clones. We are developing other approaches to validate
cyclone events by including all ensemble members, such
as clustering within a principle component phase space, as
in Zheng et al. (2017), to analyze the number of members
within the analysis cluster.
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