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ABSTRACT: The global-nested Hurricane Analysis and Forecast System (HAFS-globalnest) is one piece of NOAA’s
Unified Forecast System (UFS) application for hurricanes. In this study, results are analyzed from 2020 real-time forecasts
by HAFS-globalnest and a similar global-nested model, the Tropical Atlantic version of GFDL’s System for High-resolu-
tion prediction on Earth-to-Local Domains (T-SHiELD). HAFS-globalnest produced the highest track forecast skill com-
pared to several operational and experimental models, while T-SHiELD showed promising track skills as well. The
intensity forecasts from HAFS-globalnest generally had a positive bias at longer lead times primarily due to the lack of
ocean coupling, while T-SHiELD had a much smaller intensity bias particularly at longer forecast lead times. With the
introduction of a modified planetary boundary layer scheme and an increased number of vertical levels, particularly in the
boundary layer, HAFS forecasts of storm size had a smaller positive bias than occurred in the 2019 version of HAFS-
globalnest. Despite track forecasts that were comparable to the operational GFS and HWRF, both HAFS-globalnest
and T-SHIiELD suffered from a persistent right-of-track bias in several cases at the 4-5-day forecast lead times. The reasons
for this bias were related to the strength of the subtropical ridge over the western North Atlantic and are continuing to be
investigated and diagnosed. A few key case studies from this very active hurricane season, including Hurricanes Laura and
Delta, were examined.
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1. Introduction improving prediction of TC structure, including radii for cer-
tain wind thresholds (e.g., Cangialosi and Landsea 2016), is
important for prediction of TC evolution and impacts, includ-
ing storm surge.

The Hurricane Analysis and Forecast System (HAFS) is a
next-generation TC modeling system being developed as a
collaborative effort within NOAA and partner institutions,
with the goal of improving TC forecasts in all of the areas
mentioned above. HAFS is based on the two-way-nested ver-
sion of the finite-volume cubed sphere (FV3) dynamical core
(e.g., Lin and Rood 1996; Lin 2004; Harris and Lin 2013).
Recent work has shown the ability of two-way nested FV3-
based models to produce skillful track, intensity, and structure
forecasts for TCs. Hazelton et al. (2018b) analyzed the perfor-
mance of a real-time global-nested FV3 modeling system
called hfvGFS in the 2017 Atlantic hurricane season. The
hfvGFS was configured with a static nest that had a grid spac-
ing of 3 km and was positioned over the North Atlantic basin.
The hfvGFS was also able to skillfully predict TC structure,
based on comparisons with NOAA P-3 airborne radar data
(Hazelton et al. 2018a). In addition, nested FV3-based model-

Corresponding author: Andrew Hazelton, Andrew.Hazelton@ ing systems for short-term to subseasonal prediction (e.g.,
noaa.gov Gao et al. 2019) are the focus of ongoing developments at

Tropical cyclone (TC) forecasts have improved over the
last decade, due to advancements in numerical modeling,
observations, data assimilation, and forecasting techniques.
Track forecast errors have steadily decreased for several dec-
ades now (Landsea and Cangialosi 2018), and improvements
in forecasts of TC intensity have also been realized during the
last decade (Cangialosi et al. 2020). However, biases in TC
track forecasts persist, and intensity forecasts remain chal-
lenging, especially in instances of rapid intensification (e.g.,
Kaplan et al. 2015). Furthermore, track forecast errors make
it difficult to interpret intensity errors, since it is hard to deter-
mine if those errors are caused by the TC being in the wrong
location or by issues with the TC intensification processes sim-
ulated by the model (Tien et al. 2013). Improvement of pre-
dictions of TC rapid intensity change (both rapid
intensification and rapid weakening) is one of the key goals of
the Hurricane Forecast Improvement Project (HFIP; Gall
et al. 2013; Gopalakrishnan et al. 2020). In addition,
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FIG. 1. Atlantic grid layouts for HAFS-globalnest (red) and T-SHIiELD (light blue).

NOAA’s Geophysical Fluid Dynamics Laboratory (GFDL),
including the System for High-resolution prediction on Earth-
to-Local Domains (SHiELD; Harris et al. 2020). In particular,
GFDL developed the Tropical Atlantic version of GFDL’s
System for High-resolution prediction on Earth-to-Local
Domains (T-SHiELD). T-SHiELD and hfvGFS have nearly
identical configurations, although the physical parameteriza-
tions used in each model have important differences (as dis-
cussed below).

Building from these prototypes, forecasts from two versions
of HAFS were produced during the 2019 North Atlantic hur-
ricane season as a part of HFIP Real-time Experiments: a
stand-alone regional version of HAFS (HAFS-SAR; Dong
et al. 2020) and a global-nested version of HAFS (HAFS-
globalnest; Hazelton et al. 2021). Both versions showed prom-
ising track forecast skill and, also, the ability to successfully
predict rapid intensification in some cases. HAFS-globalnest
showed better track forecasts than HAFS-SAR near the
boundary of the nest, probably due to the two-way feedback

with the concurrently running global model. These 2019
experiments formed the initial baseline for further develop-
ment of HAFS.

The record-breaking, active 2020 North Atlantic hurri-
cane season provided a unique opportunity to evaluate
ongoing upgrades to HAFS-globalnest and the similarly
configured GFDL T-SHiELD in a wide variety of forecasts
produced on NOAA supercomputers. The model configu-
rations for 2020, including changes from the 2019 version,
are discussed in the next section, along with a description
of the 2020 forecast cases. The large set of storms during
the 2020 season provided a unique opportunity to evaluate
and compare these two models, to understand how the dif-
ferent configurations affect the performance in forecasting
TC track, structure, and intensity, as well as the large-scale
environment. A few selected case studies then highlight
details of the model’s performance, including some of the
track biases noted. Finally, conclusions and plans for future
development are discussed.

TABLE 1. Configurations of HAFS-globalnest, T-SHIELD, and the other operational and experimental models they are compared

with.
Model (plot Boundary Finest Dynamic ocean
abbreviation) Domain conditions grid spacing PBL physics Microphysics (Y/N)
HAFS-Globalnest ~ Global with Atlantic Global HAFS 3 km Modified GFDL N
(HAFB) static nest EDMF-TKE
GFDL T-SHiELD  Global with Atlantic Global T-SHiELD 3 km YSU GFDL Y (1D)
(T20H) static nest
GFS (GFSO) Global N/A 13 km EDMF GFDL N
HAFS-SAR Atlantic static nest GFS 3 km Modified GFDL Y (3D)
(HAFA) EDMF
HWRF (HWRF) Storm-following nest GFS 1.5 km Modified Ferrier-Aligo Y (3D)
EDMF
HMON (HMON)  Storm-following nest GFS 2 km Modified Ferrier-Aligo Y (3D)
EDMF

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 02/16/23 11:48 AM UTC



JANUARY 2022

Absolute Track Errors

HAZELTON ET AL.

145

a) b) Cross-Track Bias
€
C —
2 c
o £
= (%2}
w o
S o
= 3
= [
Q = L
3 3
§ oy IR B i Za
< ] ; ; ; ; ; ; ; ; : : : : : I f
1 *NOAMPOML/HE]D* ! ! ! ' ' . . i,m :anm :m ‘ ‘
12 24 36 4|e elo 7|2 8‘4 gls 1cl)a 1;0 80 T U 1 J T T T
Lead Ti h 12 24 3 48 60 72 84 96 108 120
im )
380 339 202 253 eazwe 18? [ 1148 116 91 74 —f— GFS Lead Time [h]
380 339 292 253 216 181 148 116 91 74
Sy HMON
S HWRF
T20H
HAFA
S HAFB

Along-Track Bias

O
~—

= 0 J-feeag - s

€

(=

— -30

(2]

o

m

o 60

[}

o

= -9

o)

< |

S 120 R

< :

150 SRS
T T _‘iE T T T T T T T
12 24 36 48 60 72 84 96 108 120
Lead Time [h]

380 339 292 253 216 181 148 116 91 74

Absolute Track Errors

2

400 —f-
300 —f-
200 —f-

100 —-

Absolute Track Errors [n mi]

T NOAA/AOMLMRD* | | | | | | | | |
0 T T T T T T T T

12 24 36 48 60 72 84 96 108 120 132 144 156 168
Lead Time [h]

408 363 314 273 235 198 166 134 106 8 67 56 48 39

FIG. 2. (a) 5-day mean track errors (n mi; 1 n mi = 1.852 km) from HAFS-globalnest (red), T-SHiELD (light blue),
HAFS-SAR (orange), GFS (dark blue), HWRF (purple), and HMON (green). (b) As in (a), but for the cross-track
track bias (n mi). (c) As in (a), but for the along-track track bias (n mi). (d) Asin (a), but out to 7 days for the models
that forecast out to 7 days (HAFS-globalnest, T-SHiELD, and GFS). The number of homogenous cases at each fore-
cast hour is shown at the bottom. The bars show the 95% confidence intervals.

2. Model configuration and 2020 changes —Data used
a. 2020 HAFS-globalnest and T-SHiELD domains

The 2020 HAFS-globalnest domain was slightly smaller than
that used in the 2019 North Atlantic hurricane season (Fig. 1),
with a static nest covering all of the western and central North
Atlantic and extending to about 30°W (near the Cabo Verde
Islands). The smaller nest this year was made necessary by an
increase in the number of vertical levels from 64 to 75, with
most of the new levels focused in the planetary boundary layer
(PBL). This kind of increase in vertical resolution in lower lev-
els has been shown to produce stronger TCs in other models,
such as the Hurricane Weather Research and Forecasting
(HWRF) Model (Zhang et al. 2015). The horizontal grid spac-
ings on the global and nested domains were 13 and 3 km,
respectively, as in the previous version of HAFS-globalnest.
Thus, the smaller nest allowed for the computational efficiency
needed for the quasi-real-time experiments run during the 2020
Atlantic hurricane season. TCs outside this nested domain were
tracked on the global domain (but not the nested domain).

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 02/16/23 11:48 AM UTC

T-SHiELD used a similar nested domain that was shifted
slightly east compared to that of HAFS-globalnest. Both models
covered the vast majority of the tropical Atlantic basin, and cap-
tured almost all of the TCs during the 2020 Atlantic hurricane
season, when most of the activity occurred in the Caribbean,
Gulf of Mexico, and western and central Atlantic. The nests for
both T-SHiELD and HAFS-globalnest exchanged data with
their global domains in two-way feedback.

b. Model physics and 2020 upgrades

The 2020 HAFS-globalnest model physics were generally
similar to the 2019 version of HAFS-globalnest (Hazelton
et al. 2021), including use of the 6-class GFDL microphysics
(Chen and Lin 2013; Zhou et al. 2019) and a scale-aware
convective scheme for the global domain only (Han et al.
2017). One key difference was the introduction of the eddy
diffusivity mass flux with prognostic turbulent kinetic
energy (EDMF-TKE) PBL scheme (Han and Bretherton
2019). This scheme will be included in the operational
Global Forecast System (GFS) version 16 in 2021. Some
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FIG. 3. (a) Spatial map of cross-track bias (positive is a right-of-observed bias, negative is a left-of-observed bias; n mi) for HAFS-glob-
alnest for 72-h forecasts. The errors are shown at the forecast position. (b) As in (a), but for T-SHiELD. Each dot represents an individual
forecast.

slight modifications to the scheme were made to improve with observational data. These changes are summarized in
the representation of eddy diffusivity, surface wind inflow  Gopalakrishnan et al. (2021).

angle, and general structure of the TC environment, based The physics for T-SHiELD were, for the most part, similar to
on evaluation of this and other schemes through comparison  those used in HAFS-globalnest, including the use of the 6-class
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FIG. 4. (a) Spatial distribution of track errors and biases (both in n mi) for HAFS-globalnest at 96 h. The shading
shows the magnitude of the track errors, and the vectors show the magnitude and direction of the biases. The unit
arrow at the bottom right of each panel indicates the length of arrow for every 100 n mi of track bias. (b) As in (a),
but at 120 h. (¢) As in (a), but for T-SHIiELD. (d) As in (c), but for 120 h.
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FIG. 5. (a) Mean intensity errors (kt) from HAFS-globalnest (red), T-SHiELD (light blue), HAFS-SAR (orange), GFS (dark blue),
HWREF (purple), and HMON (green). The number of homogeneous cases at each forecast hour is shown at the bottom. (b) As in (a), but
for mean intensity bias. The bars show the 95% confidence intervals.

GFDL microphysics. However, there were a few noteworthy dif-
ferences that likely led to some of the forecast differences that
will be discussed below. For example, T-SHiELD used the Yonsei
State University (YSU; Hong et al. 2006) PBL scheme. A final
key difference was the use of a one-dimensional mixed layer
ocean model (e.g., Pollard et al. 1973), initialized with the climato-
logical mixed layer depth, in T-SHiELD (but not HAFS) to
account for some of the ocean cooling due to turbulent mixing
induced by the hurricane’s strong winds. A coupled ocean model
is in development for HAFS-globalnest, but was not yet available
in 2020.

c. Forecast period and cases covered
The runs began in early July 2020 and extended into mid-

November, capturing the near record breaking late-season
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activity in the Caribbean. This period provided an extensive
dataset of a variety of TCs, including rapid intensification
cases (e.g., Hurricane Laura, Hurricane Delta, Hurricane
Eta), late-developing cases that peaked right before landfall
(e.g., Hurricane Sally and Hurricane Zeta), and weaker TCs
that dissipated due to hostile environmental conditions (e.g.,
Tropical Storm Gonzalo and Tropical Storm Josephine). This
variety of cases provided an excellent opportunity to evaluate
the performance in a wide range of meteorological situations,
which will be a helpful baseline for further model improve-
ments. Modeled TCs were tracked using the GFDL tracker
(Marchok 2002, 2021), and these data were compared with
the observations from the best track data (Landsea and
Franklin 2013) from the National Hurricane Center. HAFS-
globalnest and T-SHiELD are compared with both global and
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FIG. 6. Performance diagrams for rapid intensification forecasts for the following metrics: (a) 25, (b) 30, and (c) 35 kt (24 h) ™. The x axis
shows the success ratio (1 minus the false alarm ratio), and the y axis shows the probability of RI detection. The dashed lines are the bias
scores, and the solid lines are the critical success index (CSI). See Roebber’s (2009) Fig. 2 for details of the dashed lines plotted here (bias
scores) and solid lines (critical success index).
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FIG. 7. (a) Pressure-wind relationship for HAFS-globalnest (red) and best track (black). (b) As in (a), but for T-
SHIiELD (cyan). (c) As in (a), but for HAFS-SAR (orange). (d) As in (a), but for HWREF (purple). (e) As in (a), but
for HMON (green). (f) Asin (a), but for GFS (blue).

regional operational models including the GFS (Han et al. 3. Results
2016), HWREF (Tallapragada et al. 2016), and Hurricanes in a
Multiscale Ocean-coupled Nonhydrostatic model (HMON;
Mehra et al. 2018). HAFS-globalnest and T-SHiELD fore- 1) TRACK

casts are also compared to the previously mentioned HAFS-

SAR (Dong et al. 2020). These models are summarized in Figure 2 shows the track errors for HAFS-globalnest, T-
Table 1, where descriptions of model configurations are given ~SHIiELD, the experimental HAFS-SAR (HAFA), and the
as well as their four-letter Automated Tropical Cyclone Fore-  three operational models (GFS, HWRF, and HMON). Figure
cast (ATCF) abbreviations that are used in some of the plots 2a shows the average 5-day track errors, Figs. 2b,c separate
(e.g., HAFS-globalnest is designated as HAFB and T- those errors into their along- and cross-track components, and
SHIiELD is designated as T20H). Fig. 2d shows the 7-day mean errors for HAFS-globalnest, T-

a. Verification statistics
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FIG. 8. (a) Mean 34-kt wind radii bias (n mi) out to 120 h from HAFS-globalnest (red), T-SHiELD (light blue),
HAFS-SAR (orange), GFS (dark blue), HWREF (purple), and HMON (green). (b) As in (a), but for 50-kt wind radii.
(c) Asin (a), but for 64-kt wind radii. (d) As in (a), but for radius of maximum winds (RMW). The number of homog-
enous cases at each forecast hour is shown at the bottom. The bars show the 95% confidence intervals.

SHIiELD, and the GFS (the other three regional models were
only run to 126 h).

HAFS-globalnest had the lowest overall track errors at all
forecast hours out to day 5, outperforming operational HWRF
and GFS as well as T-SHiELD. At longer lead times (days 6
and 7), GFS tended to perform better than both HAFS-globaln-
est and T-SHIELD. However, it should be noted that the sample
size at day 7 is around 10% of that at the initial time, due to the
fact that there were not very many long-tracking TCs in 2020, so
these longer-range results should be interpreted carefully.

Examining the along-track and cross-track bias (Figs. 2b,c)
shows that all models had a slight slow bias, but HAFS-glob-
alnest and T-SHiELD performed better in the along-track
direction than HAFS-SAR and GFS, which both had large
negative (slow) along-track biases by day 5. The main track
bias for HAFS-globalnest and T-SHIiELD was a significant
right-of-track (positive) bias. This was noticeable at early lead
times (as early as 12 h for T-SHiELD) and increased over
time. It is worth noting that HMON had a similar bias at early
leads but this bias did not grow as quickly after 72 h. Figure 3
shows maps of the cross-track bias at 72 h (about the time
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when the biases increased the most) for HAFS-globalnest and
T-SHIiELD. These maps show that the largest right-of-track
(positive) biases mostly occurred over the western Atlantic
and Southeastern Gulf of Mexico, near the edge of the clima-
tological Atlantic subtropical ridge (Davis et al. 1997). Figure
4 further illustrates the track biases from HAFS-globalnest
and T-SHiELD by showing gridded plots of the spatial distri-
bution of track biases at 96 and 120 h. Both models had a
large east bias over the Western Atlantic near the edge of the
climatological subtropical ridge. T-SHIiELD also had a fairly
substantial right bias over the Eastern Atlantic due to low
height biases there (shown later), which contributed to the
overall east bias being larger than that in HAFS-globalnest.
Later sections will examine the biases in the subtropical ridge
and large-scale flow in this region, and also highlight case
studies showing examples with a rightward bias in the region.

2) INTENSITY

As mentioned previously, one of the key goals of HFIP
(Gopalakrishnan et al. 2020) has been to improve TC intensity



150 WEATHER AND

a)

HAFS-globalnest 072-h Atlantic

b)

60°N

FORECASTING VOLUME 37

T-SHIELD 072-h Atlantic

Mean z500 Anomaly Bias (m)
B

50°N 50°N

40°N 40°N
30°N 30°N
20°N 20°N

10°N 10°N

0°
120°W110°W 100°W 90°W B0°W 70°W 60°W 50°W 40°W 30°W

c)

60°N

Mean 2500 Anomaly Bias (m)
ped

S S %

S
3

.
P

0°
120°W110°W 100°W 90°W B80°W 70°W 60°W 50°W 40°W 30°W 20°W 10°W

Mean z500 Anomaly Bias (m) 60°N

40°N
30°N 30°N
20°N 20°N

10°N

50
HAFS-globalnest 120-h Atlantic d) T-SHIELD 120-h Atlantic 40
Mean z500 Anomaly Bias (m) P ) Mean 2500 Anomaly Bias (m)
o4 e d —_ e o
*- % ° 3 - 30
50°N s 8
! 20
40°N >
10
30°N
0
20°N = ~10
10°N —20
{20°WII0"W100°W 90°W 80°W 70°W 60°W S50°W 40°W 30°W 20'W oW $20'W110'W100°W 90°W B0°'W 70°W 60°W S0°W 40°W 30°W 20°W 10°W -30
—40
HAFS-globalnest 168-h Atlantic f) T-SHIELD 168-h Atlantic —50

Mean zsogﬁnomaly Bias (m)

o5

0
120°W110°W 100°W 90°W 80°W 70°W 60°W 50°W 40°W 30°W 20°W 10°W

0°
120°W110°W 100°W 90°W 80°W 70°W 60°W 50°W 40°W 30°W 20°W 10°W

FIG. 9. (a) Mean 500-hPa height bias (m) for HAFS-globalnest over the North Atlantic for all 72-h forecasts. (b) As in (a), but for T-
SHIELD. (c) Asin (a), but for 120-h forecasts. (d) As in (b), but for 120-h forecasts. (e) As in (a), but for 168-h forecasts. (f) As in (b), but

for 168-h forecasts.

forecast skill. Although Official intensity forecasts have
improved during the past decade thanks to improved model
forecasts (Cangialosi et al. 2020), there is still a lot of work to be
done, particularly with regard to rapid intensification, and it is
hoped that HAFS will make a major contribution to this effort.
Figure 5 shows the intensity errors and biases for HAFS-glob-
alnest, T-SHiELD, and the other models evaluated in this study.
For the first 2-3 days, the intensity errors are all generally similar
among most of the different models, although HWRF has
slightly lower errors. HAFS-globalnest and T-SHiELD errors
(along with HAFS-SAR errors) are worse than HWRF and
HMON errors at short leads (0-12 h) presumably due to the lack
of vortex-scale data assimilation and initialization. However,
T-SHIiELD and HWREF performed slightly better at the 2- and
3-day lead times. At longer lead times, T-SHIELD has a mean
intensity error slightly worse than HWRF/HMON (similar over-
all to HAFS-SAR), but better than HAFS-globalnest, which has
the highest overall error at 120 h. Examination of intensity biases
(Fig. 5b) provides further details about the intensity forecast
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performance. HAFS-globalnest and T-SHiELD (along with
operational HWRF and HMON) have fairly small bias through-
out the first 60 h of the forecast. This is in contrast to HAFS-
SAR, which has a low bias at all lead times that is noticeable
although smaller than that of the global (lower-resolution) opera-
tional GFS. At longer lead times, T-SHIiELD intensity bias mag-
nitude remains small while HAFS-globalnest has a high bias that
gets worse with lead time. This is partly due to the lack of any
dynamical ocean coupling (e.g., Yablonsky and Ginis 2009;
Bender and Ginis 2000) in this version of HAFS-globalnest.’
T-SHIiELD, on the other hand, uses a one-dimensional mixed
layer ocean model that accounts for some of the turbulent mixing
due to strong TC winds acting on the ocean, which likely improved

"HAFS-SAR was coupled to a regional dynamical ocean
model, but this capability is still in development for HAFS-glob-
alnest due to complications associated with two-way feedback and
likelihood of artifacts and instabilities along the edge of the
regional domain.
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the intensity bias at longer lead times. Options for ocean coupling
in HAFS-globalnest are currently being developed to reduce this
bias and improve future forecasts.

One of the key HFIP goals with regard to intensity is to
improve the performance of forecasts of rapid intensification
(RI). There were several rapidly intensifying TCs in the
Atlantic during the active 2020 season, providing a useful
opportunity to evaluate the skill of the HAFS-globalnest and
T-SHiELD which could potentially offer clues to areas of
future model development that needs to be addressed. Fig-
ure 6 shows the forecast skill of rapid intensification for sev-
eral thresholds of 24-h intensity change [25, 30, and 35 kt
per 24 h; 1 kt = 0.51 m s™'; Kaplan et al. (2010)] based on
the methodology outlined in Fig. 2 of Roebber (2009) for
these three thresholds. This plot shows the skill of rapid
intensification based on probability of detection (i.e., cor-
rectly forecasting rapid intensification events that occurred
in reality) and false alarm rate (i.e., incorrectly forecasting
rapid intensification events that did not occur in reality)
and combines these two into a single skill score, the critical
success index (CSI). For this analysis, rapid intensification
was considered for all 24-h periods in the dataset to give a
larger sample size for analysis.

1.00

For the 25 kt (24 h) ! metrics (i.e., how many forecasts or
observed intensification periods showed at least 25 kt of
intensification in 24 h), HAFS-globalnest has skill compara-
ble to that of HWRF and HMON, while T-SHiELD has
somewhat lower skill. The probability of detection from
these forecasts is generally better than that shown in Kaplan
et al. (2015) for models from the 2008 to 2013 period, indi-
cating progress in RI prediction since that time thanks to
model improvements. For the 30 kt (24 h)~! threshold (the
“standard” threshold of RI), HAFS-globalnest is slightly
worse than HWRF and HMON, while T-SHiELD again has
lower skill, due mostly to a much lower probability of detec-
tion. For the 35 kt (24 h)™! threshold, the skill of HAFS-
globalnest and T-SHIiELD are both much lower than that of
HWRF and HMON, with HAFS-globalnest having a large
false alarm rate. It is also interesting to note that the
large differences in RI skill between HAFS-globalnest,
T-SHiELD, and HAFS-SAR are similar to the overall inten-
sity skill. Besides the differences in ocean coupling, one of the
main differences between these three FV3-based models was
the PBL scheme. A separate analysis is currently being per-
formed to examine the impact of using a different PBL scheme
in both HAFS-globalnest and T-SHiELD. Overall, the results
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FIG. 11. 500-hPa anomaly correlation for all forecasts during the 2020 Atlantic season for
HAFS-globalnest (red) and the corresponding GFS forecasts (blue).
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FI1G. 12. (a) All HAFS-globalnest (HAFB) tracks for Hurricane Laura, starting at 0000 UTC 20 Aug 2020. The col-
ors specify different initialization times. (b) As in (a), but for T-SHiELD (T20H). (c) All HAFS-globalnest (HAFB)
intensity forecasts tracks for Hurricane Laura, starting at 0000 UTC 20 Aug 2020. The colors specify different initiali-

zation times. (d) As in (a), but for T-SHiELD (T20H).

show that HAFS-globalnest and T-SHiELD can compete
with current operational models in some RI forecasts, but
further improvements are needed. In particular, as already
mentioned, HAFS-globalnest needs to reduce its high inten-
sity bias, which will be addressed with the introduction of
ocean coupling.

One other important aspect of intensity forecast evalua-
tion is the pressure-wind relationship (e.g., Holland 2008).
This can provide insights into possible biases and differ-
ences between models. Figure 7 shows the pressure-wind
relationship from each of the models evaluated as well as
the observed pressure-wind relationship from best track.
Overall, most of the models are similar at higher pressures
and lower wind speeds, and fairly well aligned with observa-
tions. The biggest differences come at high wind speeds and
lower pressures. The operational GFS, not surprisingly, has
trouble capturing the relationship at extreme values due to
its coarser resolution (e.g., Moon et al. 2021). There are
some differences in the extreme values for HAFS-globaln-
est versus T-SHIiELD and the other hurricane models as
well, however. In particular, HAFS-globalnest had many
more cases above 120 kt/below 940 hPa than T-SHIiELD,
consistent with the stronger intensity and positive intensity
bias seen previously.
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3) WIND RADII

One of the most noticeable biases in the 2019 version of
HAFS-globalnest, HAFS-SAR and T-SHiELD was a ten-
dency for the 34-kt wind radii (R34, i.e., “gale force” winds)
to quickly become too large in the forecasts (Hazelton et al.
2021). Figure 8 evaluates this metric, as well as 50-kt, 64-kt,
and radius of maximum wind (RMW) biases for HAFS-glob-
alnest, T-SHiELD, and the comparable operational and
experimental models. The verification of radii is performed
against the radii in the “best track” data. It should be noted
that this data can have some large uncertainties, particularly
when there is no aircraft reconnaissance data (Cangialosi and
Landsea 2016). Also, although the 34-, 50-, and 64-kt radii
estimates are quality-controlled in the postseason, the RMW
values are not, and are mostly similar to the real-time values.
However, many of the cases in 2020 were near land and had
aircraft data, which increases the confidence in this verifica-
tion. The radii are based on the maximum radius in each
quadrant (southeast, southwest, northeast, and northwest), to
be consistent with the operational definition. It should be
noted that although the forecast samples were homogeneous,
the radii statistics are not perfectly homogeneous because dif-
ferent forecasts produced different wind structures at times.
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FIG. 13. (a) Tracks of Hurricane Laura from forecasts initialized at 0000 UTC 20 Aug 2020 and run out to 168 h from HAFS-globalnest
(red), T-SHiELD (light blue), and the operational GFS (dark blue). The observed track is in black. (b) As in (a), but for intensity forecasts
(kt). (c) Asin (a), but initialized at 0000 UTC 21 Aug 2020. (d) Asin (b), but initialized at 0000 UTC 21 Aug 2020. (e) As in (a), but initial-
ized at 0000 UTC 22 Aug 2020. (f) As in (b), but initialized at 0000 UTC 22 Aug 2020.

For the 34-kt wind radii (Fig. 8a), HAFS-globalnest has a
bias that is slightly larger than HWRF but comparable to
HMON. However, both T-SHiELD and HAFS-SAR have a
very large R34 bias similar to that observed in 2019, with a
sharp increase during the first 12 h. Given that the main con-
figuration difference between these three nested-FV3 models

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 02/16/23 11:48 AM UTC

is the PBL scheme (with the new modified EDMF-TKE in
HAFS-globalnest), this suggests that PBL dynamics may be
contributing to these differences in R34. In particular, the
lower eddy diffusivity (~25 m? s™' for wind speeds of
60 m s !) in the modified EDMF-TKE scheme (Gopalak-
rishnan et al. 2021) leads to a sharper inflow angle (Zhang
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FIG. 14. (a) 500-hPa height (dam) from HAFS-globalnest (red) and T-SHiELD (blue) fore-
casts initialized at 0000 UTC 20 Aug 2020 and valid at 24 h. The GFS analysis of 500-hPa height
at 0000 UTC 21 Aug 2020 is shown in black. (b) As in (a), but for 72-h forecasts valid at 0000
UTC 23 Aug 2020. (c) As in (a), but for 120-h forecasts valid at 0000 UTC 25 Aug 2020. (d) As

in (a), but for 168-h forecasts valid at 0000 UTC 27 Aug 2020.

et al. 2017) and stronger/shallower PBL inflow that can
impact both the outer structure and inner-core intensity by
increasing the inward transport of angular momentum (e.g.,
Montgomery et al. 2014). A detailed analysis was made of the
evolution of the gale-force radii in T-SHiELD during the first
8 h of integration for several of the storms (not shown). This
analysis showed development of a strong ring of convection
outside of the storm core as the gale radii expanded (not
shown), suggesting a vortex adjustment was occurring and/
indicating a need for development of a vortex DA to fully rec-
tify this problem. T-SHiELD also had a positive bias in 50-kt
wind radii, but the rest of the models were similar to each
other. There was little difference between HAFS-globalnest,
T-SHIiELD, and other models in the mean R64 bias. HAFS-
globalnest and T-SHIiELD also had relatively small biases in
RMW, especially HAFS-globalnest, which had an overall bias
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near 0 at day 5. The impact of different model PBL schemes
on the radii biases, including analysis of differences in convec-
tion and inflow angle, is being examined in a separate paper.
Further evaluation of storm size metrics, including considera-
tions of observational uncertainty (Cangialosi and Landsea.
2016) as well as whether it is more appropriate to consider
quadrant-mean or quadrant-maximum radii, is also a subject
of ongoing investigation.

b. Large-scale biases

To quantify the large-scale performance of the global-
nested modeling systems and also further explore some possi-
ble reasons for the track biases that were observed, large-scale
500-hPa geopotential height biases over the North Atlantic
were examined in both HAFS-globalnest and T-SHiELD. The
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Fi1G. 15. All HAFS-globalnest (HAFB) tracks for Hurricane Teddy, starting at 0000 UTC 13 Sep 2020. The colors
specify different initialization times. (b) As in (a), but for T-SHiELD (T20H). (c) All HAFS-globalnest (HAFB)
intensity forecasts tracks for Hurricane Teddy, starting at 0000 UTC 13 Sep 2020. The colors specify different initiali-

zation times. (d) As in (a), but for T-SHiELD (T20H).

data for HAFS-globalnest comes from the global grid, while
for T-SHiELD was only available for the nest, but the area of
interest over the Atlantic is examined in both models. Figure 9
shows the 500-hPa height biases (calculated relative to the
ERAS reanalysis (Hersbach et al. 2020) for T-SHiELD and
CFSR (Saha et al. 2010) reanalysis for HAFS-globalnest) over
the Atlantic for 72, 120, and 168 h. Both HAFS-globalnest and
T-SHIELD have a negative bias in 500-hPa height, particularly
over the north-central and southwest Atlantic, both of which
are near the edges of the subtropical high. In both models, the
negative bias in heights grows over time. The bias for T-
SHIiELD is worse than that for HAFS, which probably helps
explain why the rightward bias in tracks was also worse in T-
SHIiELD. This negative bias in heights is systematic across
forecast lead times, and some possible culprits of this bias,
including the model convective scheme, PBL scheme, and ver-
tical level configurations, are being examined in further detail.
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This persistent bias also appears in individual cases, including
one examined in more detail in a later section.

To further explore the changes in steering induced by the
bias in the subtropical ridging, the mean 500-hPa wind biases
are also calculated (Fig. 10). Consistent with the western edge
of the subtropical high being too weak or far to the east, there
was a positive (northward) bias in 500-hPa meridional wind
over much of the southwest Atlantic. There was also a posi-
tive (eastward) bias in the 500-hPa zonal wind across the
Antilles and stretching across the eastern Atlantic, indicating
that the westward steering currents were consistently too
weak basinwide. The reasons for the negative (westward)
biases in the equatorial Atlantic combined with positive (east-
ward) bias in the equatorial Pacific are not apparent, but may
be a bias induced by anomalous convection over Central
America. This point needs further investigation in a future
study.
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FI1G. 16. (a) Tracks of Hurricane Teddy initialized at 0000 UTC 20 Aug 2020 and run out to 168 h from HAFS-globalnest
(red) and T-SHiELD (light blue). The observed track is in black. (b) As in (a), but for intensity forecasts.

One of the questions raised by running a global-nested config-
uration with two-way feedback, as is done in HAFS-globalnest
and T-SHIiELD, is whether there is any significant large-scale
impact from the inclusion of the large static nest? Figure 11 illus-
trates the large-scale global 500-hPa forecast skill, in the form of
the global anomaly correlation (e.g., Tracton et al. 1989) for
HAFS-globalnest and operational GFS, from 6 to 168 h. The skill
is very similar at all lead times, indicating that there was no signif-
icant degradation or improvement from the global-nested config-
uration on the large-scale forecast, despite some of the regional
biases that may have contributed to some of the track biases.

c. Case studies

Next, two key case studies from the 2020 hurricane season
are examined in detail, to highlight details of the performance
of HAFS-globalnest and T-SHiELD, and also to examine in
more detail the biases revealed through the verification analy-
sis, especially the right-of-track bias seen in some cases. This
will help motivate further development and improvement of
HAFS-globalnest.

1) HURRICANE LAURA

Hurricane Laura was the third-strongest hurricane of the
2020 Atlantic hurricane season. It made landfall south of
Lake Charles, Louisiana, with 130-kt (150 mph) winds, caus-
ing significant storm surge and wind damage over southwest
Louisiana. Laura became a tropical cyclone over the central
Atlantic Ocean, but struggled to organize early. After multi-
ple days of little intensification as it interacted with the
Greater Antilles, Laura rapidly intensified until just prior to
landfall in the Gulf of Mexico.

Figure 12 shows all HAFS-globalnest and T-SHiELD track
and intensity forecasts for Hurricane Laura. For both models,
several of the early forecasts showed a large right bias, keeping
the TC north of the Antilles and incorrectly showing a strong
hurricane making landfall in Florida. This led to a notable right
bias in these cases, as well as a positive intensity bias, since the
real TC stayed much weaker for longer due to interaction with
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the Greater Antilles. There may have also been a feedback
between the track and intensity errors in this case, with an
excessively strong TC tending to erode the ridge more and
move farther to the right. Later forecasts, initialized as the TC
was moving along the island chain, homed in on the correct
track of Laura, with a landfall in Western Louisiana. Several of
these later forecasts also correctly forecast the rapid intensifica-
tion of Laura in the Gulf of Mexico, where environmental con-
ditions were much more conducive to intensification.

Next, several of the early forecasts that had a significant
right bias are examined in detail. Figure 13 shows 7-day track
and intensity forecasts from HAFS-globalnest, T-SHiELD,
and the operational GFS initialized at 0000 UTC 20, 21, and
22 August. For the forecasts initialized on the 20th, all three
models had a right bias, but it was particularly notable in
HAFS-globalnest and T-SHiELD, which both showed the
landfall of a major hurricane in southeast Florida. This fore-
cast resulted in a 114-h high intensity bias of ~80 kt
(41 m s™') for HAFS-globalnest and ~65 kt (33 m s™') for
T-SHIiELD, with the TC incorrectly moving through the
warm waters of the Bahamas rather than along the Aantilles.
This case highlights how the sources of longer-term intensity
errors are often dominated by track errors (Emanuel and
Zhang 2016). For the forecast initialized 24 h later, the right
bias was still present. In this case, T-SHiELD and GFS were
similar and HAFS-globalnest was even a little farther right.
For this forecast, the intensity bias was not as large early, and
actually switched to a negative bias at longer lead times. For
the 0000 UTC 22 August forecasts, HAFS-globalnest and T-
SHIiELD have finally corrected to a track closer to what was
observed, although there was still a right bias at early lead
times. These forecasts all showed some intensification in the
Gulf of Mexico, although not as much as was observed. Later
forecasts did a better job of capturing Laura’s RI in the Gulf.

To further examine the right bias seen in several of these
forecasts for Hurricane Laura, Fig. 14 shows 500-hPa height
forecasts at 24, 72, 120, and 168 h from the HAFS-globalnest
and T-SHIiELD forecasts initialized at 0000 UTC 20 August.
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FIG. 17. (a) 500-hPa height (dam) from HAFS-globalnest (red) and T-SHiELD (blue) fore-
casts initialized at 0000 UTC 13 Sep 2020 and valid at 24 h and the GFS analysis of 500-hPa
height valid at 0000 UTC 14 Sep 2020 (black). (b) As in (a), but for 72-h forecasts valid at 0000
UTC 16 Sep 2020. (c) As in (a), but for 120-h forecasts valid at 0000 UTC 18 Sep 2020. (d) As

in (a), but for 168-h forecasts valid at 0000 UTC 20 Sep 2020.

The GFS analyses are also shown for validation. Large differ-
ences are seen between the model forecasts and observations
in the structure of the subtropical ridge over the western
Atlantic. Even at 24 h, the 591-dam line north of the Greater
Antilles was much too far north and east in HAFS-globalnest
and T-SHIiELD, indicating excessive weakness in the subtrop-
ical ridge (this also indicates that there was likely a bias in the
ridge even before the TC began to excessively intensify).
By 72 h, the model forecasts of the storm position have
diverged to the right of the observed TC, with the bias in
the subtropical ridge growing. By day 7, the differences
became huge, with the ridge too weak in the model fore-
casts, with T-SHiELD having an even weaker ridge than
HAFS-globalnest. As a result, Laura recurved to the northeast
much too early in T-SHiELD. These biases in the subtropical
ridge are consistent with the composite biases, and are
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responsible for the right bias seen in this case and several others
throughout the season. Analysis is being conducted to identify
some of the potential sources of this bias (which shows up early
in the forecasts) in order to correct this issue in future versions of
these models.

2) HURRICANE TEDDY

Hurricane Teddy was one of only a few Cabo Verde hurri-
canes that formed and intensified over the east-central Atlan-
tic during the 2020 season. It intensified into a category-4
hurricane while moving northwest over the central Atlantic,
before weakening and transforming into a powerful extratrop-
ical cyclone as it impacted eastern Canada.

Figure 15 shows all the track and intensity forecasts for
HAFS-globalnest and T-SHIiELD for Hurricane Teddy.
Looking at the tracks, the early forecasts for HAFS-



158

WEATHER AND FORECASTING

VOLUME 37

40N y".l'
E

40W

SW
oW

FI1G. 18. (a) Sea surface temperature (°C) from HAFS-globalnest, initialized at 0000 UTC 13 Sep 2020, and valid at
0000 UTC 20 Sep 2020. (b) As in (a), but for T-SHIiELD. (c) SST difference (°C) between the 168-h forecast and the
initial T-SHIiELD SST field from this same forecast. In all panels, the forecast position of the TC is shown in black.

globalnest verified well (with a slight east bias), while those
for T-SHIiELD were consistently too far to the east. This
appears to be another case where the right bias in T-SHiELD
was even more pronounced than that in HAFS-globalnest.
This bias in an early forecast of Teddy is examined below.
Later forecasts of both HAFS-globalnest and T-SHiELD
were generally close to the observed track, although there
was a slight right bias for both models as the TC interacted
with the midlatitude flow over the north-central Atlantic. For
the intensity forecasts, the difference between the forecasts
was stark. Both models generally captured the rapid intensifi-
cation during the first 2-5 days of Teddy’s life cycle. While T-
SHIiELD generally kept the peak intensity correct close to the
best track estimate of 120 kt (62 m s~ '), HAFS-globalnest
excessively deepened the storm to 130-140 kt (67-72 m s~ ')
in several forecasts, and was also too slow to show the TC
decaying toward the end of its life cycle. The forecast cycle
examined below will highlight one of the forecasts with this
large divergence in intensity between the two models. It is also
worth noting that Hurricane Teddy was one of a few long-lived
long-track TCs during 2020, meaning that the high bias from
this one case likely contributed to the overall high bias seen in
the longer-range intensity forecasts for HAFS-globalnest.

Figure 16 shows the 7-day track and intensity forecasts for
Hurricane Teddy from HAFS-globalnest and T-SHiELD ini-
tialized at 0000 UTC 13 September 2020. In both models, the
TC is slightly right of the observed track and slower than
observed. However, the track forecast from HAFS-globalnest
is closer to observed and generally parallels the best track. In
terms of intensity, the T-SHiELD and HAFS-globalnest fore-
casts are both very close to each other and to the observed for
the first half (84 h) of the forecast. After that, both models
correctly show the period of pronounced intensification into a
major hurricane that was seen in the real storm, but HAFS-
globalnest shows too much intensification, whereas T-
SHIiELD correctly shows the TC peaking as a category-4 hur-
ricane before levelling off. This case is an excellent microcosm
of the seasonal results for both models, with a right bias that
was slightly worse in T-SHiELD, and a high intensity bias in
HAFS-globalnest.
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As was the case with Hurricane Laura, both HAFS-glob-
alnest and T-SHiELD had similar biases in the prediction of
the subtropical ridge that was steering Hurricane Teddy
(Fig. 17). The bias appeared by 72 h, with too little ridging
northeast of the TC in both HAFS-globalnest and especially
T-SHIiELD. At 120 h, both HAFS-globalnest and T-SHiELD
showed too small/weak of a ridge, but HAFS-globalnest did a
better job with the evolution of an upper-level low to the east
of Teddy, and its track was also closer to the observed. By the
end of the 7-day forecast, the ridge was too weak in both
HAFS-globalnest and T-SHiELD, leading to solutions that
were too slow and too far east in both forecasts. The edge of
the 500-hPa ridge (as seen in the 588-dam contour) was far-
ther southwest in HAFS-globalnest, leading to a track that
was slightly closer to the observed.

Teddy was a case that illustrated how the inclusion of a sim-
ple one-dimensional ocean coupling in T-SHiELD (vs no
dynamical ocean in HAFS-globalnest), impacted the intensity
forecasts. Whereas HAFS-globalnest produced no cold wake
for Hurricane Teddy, T-SHiELD showed cooling of 1°-2°C
along the storm track (Fig. 18). At day 7, HAFS-globalnest
placed Teddy over water with SSTs of 28°-29°C, while T-
SHIiELD showed the TC over water with SSTs of ~27°C. This
difference due to the ocean response was likely exacerbated
by both the sharp zonal gradient of SST in this region and
also the recent passage of Paulette to the north. This case
underscores the need for further development of HAFS to
include a dynamic ocean and account for such processes.

Finally, due to a large expansion in wind radii as it moved
north and the fact that it was one of the longest-lived TCs of
the 2020 season, Teddy provided a useful case to examine
the details of the radii forecasts from HAFS-globalnest and
T-SHIiELD. Figure 19 shows the wind radii verification sta-
tistics for Hurricane Teddy. HAFS-globalnest and T-
SHiELD both kept the RMW of Teddy too small at longer
forecast leads, although the bias characteristics for R34
were very different: HAFS-globalnest was like most opera-
tional guidance in showing the bias decreasing with lead
time, while T-SHIiELD was too large. Teddy was a case that
was relatively well sampled by reconnaissance aircraft,
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which gives confidence to these wind radii biases that were
generally similar to those in the full 2020 sample. Work is
ongoing to understand how model characteristics lead to
differences in storm structure, including storm size (R34)
and eyewall size (RMW).

4. Discussion and conclusions

Evaluation of a large set of near-real-time model forecasts
from the 2020 Atlantic Hurricane Season was made using
both the HAFS-globalnest model developed at NOAA’s
Hurricane Research Division (HRD) and GFDL’s global-
nested T-SHiELD. The purpose of this study was to provide
insightful analysis of these two new modeling systems in order
to enhance future development of HAFS. Both models
showed promising track forecast results relative to other oper-
ational and experimental forecast models. Despite this overall
skillful track performance, a right bias seen in several storms
appears to be due to an erroneously weak representation of
the subtropical ridge over the western Atlantic as the fore-
casts evolved. This bias showed up in the case study of Hurri-
cane Laura as well as in a composite mean for both models
over the entire 2020 season. The bias was slightly worse in
T-SHIiELD, where even the eastern portion of the subtropical
ridge became too weak in some cases, as shown in Hurricane
Teddy. One avenue of future and ongoing work is to continue
to identify the exact source of this bias (whether in the model
dynamics, physics, or initialization) in order to mitigate it in
future versions of these models. In particular, the convection
scheme is being explored, to determine whether activating
this scale-aware scheme on the 3-km nest improves the ridge
bias and track forecasts. Preliminary testing indicates that the
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subtropical ridge position and intensity, and therefore TC
track, is sensitive to activating and tuning both the deep and
shallow convection schemes, and these results will be consid-
ered in a future analysis.

One key difference between the HAFS-globalnest and
T-SHIiELD intensity forecasts appeared in the intensity bias.
HAFS-globalnest tended to have a high intensity bias at lon-
ger lead times, while T-SHiELD did not have a large bias in
either direction. One of the contributing factors to this differ-
ence were the different PBL schemes used, although both the
modified EDMF-TKE and YSU schemes should reasonably
predict TC structure. A few subsequent tests (not shown)
using EDMF-TKE in T-SHiELD have suggested that slight
differences in the distribution of vertical levels in the bound-
ary layer could play an important role in regulating the inten-
sity forecasts. This is not surprising, as past studies have found
that TC intensity forecasts are particularly sensitive to the dis-
tribution of vertical levels, especially in the PBL (e.g., Ma et al.
2012; Zhang et al. 2015). The differences in the PBL scheme
and vertical resolution could have also contributed to the dif-
ferences in the 34-kt wind radii, where T-SHiELD had radii
that were consistently too large while HAFS-globalnest had a
much smaller bias. The role of the PBL scheme in regulating
TC structure and intensity in HAFS-B is the subject of ongo-
ing investigation. While the intensity was too high in HAFS-
globalnest, the physics and vertical resolution changes intro-
duced in 2020, compared to the 2019 version led to improved
structure forecasts.

Another key factor influencing the intensity differences
between the two models is the one-dimensional ocean model
employed in T-SHiELD, which accounted for some of the
ocean turbulent mixing induced by the TC-ocean interaction
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and reduced the intensity toward a more realistic value com-
pared to HAFS-globalnest (Bender and Ginis 2000). A couple
of tests of T-SHIiELD with the 1D ocean model turned off
(not shown) confirm that the simple one-dimension coupling
significantly improves the intensity forecasts for strong TCs.
While a detailed examination of each factor (e.g., PBL phys-
ics, ocean coupling) in a more controlled experiment is an
important topic of ongoing and future research, the results do
provide motivation for the ongoing adoption of ocean cou-
pling in future upgrades to HAFS-globalnest, as it appears
that this will lead to significant reduction of the high bias.

A significant amount of research and development
is ongoing and planned for the HAFS-globalnest and
T-SHIiELD configurations. As mentioned above, ocean
coupling is being developed and tested for HAFS-globaln-
est for future seasons, to hopefully mitigate much of the
high intensity bias that was seen in some 2020 forecasts.
Preliminary testing shows promise in reducing this high
bias in cases like Teddy as well as Paulette from 2020. In
addition, a data assimilation system is being developed
that will be used in both the HAFS-SAR and HAFS-glob-
alnest configurations. When complete, this will signifi-
cantly improve the simulations over the current coarse
GFS initialization, and should reduce much of the early
low bias and spinup issues that were seen in some fore-
casts. In addition, research is ongoing to modify and
improve the EDMF-TKE PBL scheme for use in HAFS
and T-SHiELD, based on observational data. This will
continue to improve the structure and intensity forecasts.
Another project being pursued is modification of the
GFDL microphysics based on microphysics observations
collected in NOAA P-3 flights.
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