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ABSTRACT: The Integrated Forecasting System (IFS) developed by the European Centre for 
Medium-Range Weather Forecasts (ECMWF) has been regarded as the best guidance for hurricane 
track forecasts for years. However, the performance of U.S. models on hurricane forecasts has 
been catching up. Since 2019, various Finite-Volume Cubed-Sphere Dynamical Core (FV3)-based 
models, including the National Centers for Environmental Prediction (NCEP) operational Global 
Forecast System (GFS), newly operational Hurricane Analysis and Forecast System (HAFS), and 
research-oriented Geophysical Fluid Dynamics Laboratory (GFDL) System for High-resolution pre-
diction on Earth-to-Local Domains (SHiELD), have consistently demonstrated improved hurricane 
forecasts in the North Atlantic basin, relative to the previous generation of National Oceanic and 
Atmospheric Administration (NOAA) operational and research models. This article presents the 
progress that has been made and identifies areas for improvement for U.S. model development 
on hurricane forecasts.

SIGNIFICANCE STATEMENT: Hurricane predictions in the North Atlantic basin performed by the 
numerical models developed in the United States have been improved in the past 5 years along 
with the major upgrade of the models’ dynamical core. The gap in hurricane forecast skills between 
the U.S. models and the world-leading European model has been substantially decreasing. This 
article presents the 10-yr progression of the state-of-the-art operational and research-oriented 
U.S. models compared to the European models for North Atlantic tropical cyclone forecasts to 
demonstrate this achievement.
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1. Introduction
Tropical cyclones (TCs), also known as hurricanes and tropical storms in the North Atlantic 
basin, are one of the most destructive natural events on Earth. Improving the skill of TC fore-
casts, especially those generated in the North Atlantic basin, has always been an important 
objective for government weather forecast agencies, emergency managers, and the atmo-
spheric science research community in the United States. The Integrated Forecasting System 
(IFS) developed by the European Centre for Medium-Range Weather Forecasts (ECMWF) has 
been recognized as providing the most skillful deterministic model guidance for TC track 
forecasts for years (NOAA/NHC 2024), which sets an inspirational benchmark for model 
developers in the United States.

In 2016, the Finite-Volume Cubed-Sphere Dynamical Core (FV3; Harris et al. 2021; Lin 
2004; Putman and Lin 2007) developed by National Oceanic and Atmospheric Adminis-
tration (NOAA)/Geophysical Fluid Dynamics Laboratory (GFDL) was selected for the Next 
Generation Global Prediction System [NGGPS; NOAA/Office of Science and Technology 
Integration (OSTI) (NOAA/OSTI 2024)] for both global and regional configurations of the 
Unified Forecast System (UFS). After 3 years of development, in June 2019, the National 
Centers for Environmental Prediction (NCEP) launched the Global Forecast System (GFS), 
version 15, with the major upgrade being the replacement of the legacy spectral dynami-
cal core with the FV3. The operational GFS was further upgraded to version 16 in March 
2021, with numerous changes and upgrades made in model physics, infrastructure, and 
data assimilation, including raising the model top from the stratopause to the mesopause 
and the addition of wave model coupling (Yang 2020).

Meanwhile, the development of the System for High-Resolution Prediction on Earth-to-Local 
Domains (SHiELD) at GFDL continued the legacy of FV3-based global model development that 
was begun during the NGGPS selection period. SHiELD is a research-oriented UFS prototype 
atmosphere model with many subconfigurations to test and integrate cutting-edge dynamical 
and physical algorithms for a wide array of applications in atmospheric research (Harris et al. 
2020). Both the flagship global SHiELD and the Atlantic basin–nested T-SHiELD have shown 
skillful TC forecasts which have demonstrated the capabilities of FV3-based modeling systems 
(Chen et al. 2019a,b; Gao et al. 2021; Hazelton et al. 2022; Chen et al. 2023; Gao et al. 2023).

Besides the development of global models, there is a long history of using specialized hur-
ricane forecasting modeling systems to predict TC track and intensity in the North Atlantic 
basin in the United States. Building on the successful GFDL operational hurricane model 
(Bender et al. 2019), and through the support of the Hurricane Forecast Improvement Proj-
ect (HFIP; Gall et al. 2013; Gopalakrishnan et al. 2021), the Hurricane Weather Research 
and Forecasting Model (HWRF) had served as an operational TC forecast model since 2007. 
HWRF is considered one of the most skillful ocean-coupled, regional numerical weather 
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prediction models for hurricane intensity and structure forecasts (Gopalakrishnan et al. 2011, 
2012, 2013; Alaka et al. 2024). Since 2019, the HFIP has pivoted to develop an FV3-based 
new-generation hurricane forecasting system, the Hurricane Analysis and Forecast System 
(HAFS; Dong et al. 2020; Hazelton et al. 2021, 2022). The two developmental configurations 
of HAFS (HAFS-A and HAFS-B) became operational in June 2023.

This article illustrates and summarizes the improvement of North Atlantic hurricane 
forecasts achieved by the abovementioned new-generation U.S. models. Forecast skill of TC 
track and intensity in the FV3-based GFS, SHiELD, T-SHiELD, HAFS-A, and HAFS-B models 
is compared to the performance of previous NOAA operational models and to the ECMWF 
IFS during the past decade.

2. Models and TC track datasets
The NCEP operational GFS was upgraded from version 14, which consisted of a spectral dy-
namic core, to version 15 with the FV3 dynamic core in June 2019. We therefore focus on the 
North Atlantic hurricane seasons before and after this important transition to investigate the 
U.S. model performance for TC track and intensity forecasts from 2014 to 2023. TC forecasts 
from the operational GFS, HWRF, HAFS-A, and HAFS-B, and from research-oriented SHiELD 
and T-SHiELD, are compared with the performance of the operational ECMWF IFS in these 
10 hurricane seasons in the North Atlantic basin.

From 2014 to 2023, the operational IFS has been upgraded through nine cycles from CY40R1 
to CY47R3 (ECMWF 2024). For the last five hurricane seasons since 2019, the IFS forecasts 
were from the versions of CY46r1, CY47r1, CY47r2, CY47r3, and CY48r1 implemented in June 
2019, June 2020, May 2021, October 2021, and June 2023, respectively (ECMWF 2023). In 
this article, the IFS TC forecasts are used as the benchmark to verify the performance of the 
new U.S. models.

For the operational GFS, the legacy spectral dynamical core (version 14 and older) was 
used in 2014–18. The FV3-based GFS versions 15 and version 16 were launched on 12 June 
2019 and 22 March 2021, respectively. Detailed GFS upgrade information can be found on 
its official website [NOAA/Environmental Modeling Center (EMC) 2024].

HWRF served as a NOAA operational TC forecast model beginning in 2007. The detailed 
history of HWRF upgrades can be found in Alaka et al. (2024). NOAA has developed and 
transitioned to the next-generation FV3-based HAFS, which became operational in 2023. 
HAFS is the first ocean–wave coupled UFS implementation with multiple moving nest capa-
bility and a sophisticated vortex initialization and data assimilation package. The detailed 
model description of HAFS and its two operational configurations (HAFS-A and HAFS-B) can  
be found in Dong et al. (2020), in Hazelton et al. (2021, 2022), and in Tables 2 and 3 in  
Zhang et al. (2023).

The GFDL 13-km global SHiELD near-real-time forecast system has been advanced 
through four model versions, v2019, v2020, v2021, and v2022 since 2019. The detailed 
configuration of the SHiELD v2019 can be found in Harris et al. (2020). Based on v2019, 
v2020 included the improved version 2 of the GFDL microphysics scheme and the turbulent 
kinetic energy (TKE)-based hybrid eddy-diffusivity mass-flux (EDMF) planetary bound-
ary layer (PBL) scheme (TKE-EDMF; Han and Bretherton 2019). Compared to v2019, the 
lower-troposphere cold bias was significantly reduced while the 500-hPa geopotential 
height forecast skill was also improved in v2020. The initial conditions used in the SHiELD 
v2019 and v2020 were from the analyses generated by the GFS version 15. The SHiELD 
v2021 kept the same model configuration as v2020 but used the GFS version 16 analyses 
as the model’s initial condition. The most recent version, v2022, further updated the GFDL 
microphysics scheme from version 2 (Harris et al. 2020) to version 3 (Zhou et al. 2022), ad-
opted a revised mixing length formula and cap for the mixing length in the TKE-EDMF, and 
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updated land surface data. These updates significantly reduced the cloud fraction errors 
and biases, improved the liquid water forecasts, and generally enhanced the large-scale 
medium-range weather prediction.

The GFDL global-nested T-SHiELD configuration has been run near–real time in the past 
four consecutive hurricane seasons since 2020. Version v2021, an upgrade of v2020 (Gao 
et al. 2021), replaced the Yonsei University PBL scheme (Hong 2010) with the TKE-EDMF 
scheme and adjusted the vertical levels and shallow convection scheme in the nested domain. 
These changes eliminated the mean eastward track bias and significantly reduced the mean 
track error in TC track forecasts compared to v2020. Building upon v2021, the latest version, 
v2022, employs a revised shear-dependent mixing length formula and an increased mixing 
length cap within the TKE-EDMF scheme. The mean intensity error beyond 72-h lead time 
was significantly reduced in this version.

The SHiELD and T-SHiELD model versions employed for near-real-time TC forecasts typi-
cally align with the corresponding calendar year. For example, SHiELD v2019 was used for 
the TC forecasts in the 2019 hurricane season. The only exception is that both SHiELD v2022 
and T-SHiELD v2022 were used for the hurricane seasons of 2022 and 2023.

The observed TC tracks used to compute the errors of model forecasted TC location and 
intensity are from the best track data (b-deck) in the Automated Tropical Cyclone Forecasting 
System (ATCF) dataset (Miller et al. 1990; Sampson and Schrader 2000). The official TC track 
forecasts in the operational GFS, IFS, HWRF, and HAFS are retrieved from the ATCF a-deck 
files. All TC track and intensity forecasts from the dynamical models evaluated in this study 
are diagnosed using the GFDL vortex tracker (Marchok 2021). The TC track and intensity 
forecasts from the climatology and persistence models, CLIPER5 and SHIFOR5, respectively, 
retrieved from the ATCF a-deck files, are used as the no-skill benchmarks for model forecast 
skill to account for interannual variation of TC behaviors (Neumann 1972; Jarvinen and 
Neumann 1979; Aberson 1998; Knaff et al. 2003). All TC track and intensity forecast error 
comparisons in this article are homogeneous, i.e., a forecast case for a given lead time is only 
included in the statistics if all models have a valid forecast position and intensity for the TC 
at that lead time for this case.

3. 10-yr evolution of TC forecast skill
The errors of the North Atlantic TC track forecasts in GFS and IFS are homogeneously com-
pared before and after the GFS major upgrade in 2019 (Figs. 1a,b). Compared to the seasons 
of 2014 to 2018 (lower panel in Fig. 1a), the gap between the GFS and IFS TC track forecast 
errors after the 72-h lead time largely decreased during the 2019–23 seasons (lower panel 
in Fig. 1b). Although the differences between the two models in the latter five seasons are 
larger at early lead times, the general improvement of GFS is very encouraging. Moreover, 
the research-oriented SHiELD performed even better than GFS consistently during the 7-day 
forecast from 2019 to 2023, which demonstrates the potential of future NOAA operational 
global models.

The improvement of TC track forecasts in the U.S. regional models is even more signifi-
cant. Using the same IFS forecasts as the benchmark, we first see that the gap between 
TC track forecast errors in HWRF and IFS largely decreased after 2019 (Figs. 1c,d), espe-
cially after the 48-h lead time, similar to the performance of GFS. Since GFS provides the 
boundary condition to the HWRF forecasts, the major GFS upgrade should also benefit the 
HWRF track forecasts. Very encouraging results are shown in the new-generation regional 
models, HAFS-A, HAFS-B, and T-SHiELD, that their TC track forecast errors are very close 
to the IFS. HAFS-A achieved the lowest track forecast error of the three, and its track errors 
are smaller than those in the IFS at 60-, 72-, and 96-h lead times. This result represents a 
considerable success of HFIP.
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The results for track forecast skill relative to the CLIPER5 benchmark forecast shown in 
Fig. 2 indicate that the 2023 Atlantic season was the most challenging for all the dynamical 
models during the past five seasons, while the models as a group achieved higher skill during 
the 2021 and 2022 seasons. The skill differences between GFS and IFS were relatively large 
in 2019 and 2023. However, during the 2020 and 2021 seasons, GFS showed slightly higher 
skill than IFS which is encouraging. Furthermore, SHiELD performed slightly better than or 

Fig. 1.  North Atlantic TC track errors. (a) Upper panel shows the mean TC track errors (km) at 12-h forecast lead time intervals for 
IFS (black) and GFS (red) during the years of 2014 to 2018. The 95% confidence levels for each model are indicated by the same 
transparent color shading. Numbers of homogeneous comparison cases for individual lead times are listed in the brackets at the 
bottom of the abscissa. The vertical gray dotted lines indicate 72- and 120-h forecast lead times. The error differences in GFS 
compared to IFS are shown in the lower panel. (b) As in (a), but for the years of 2019 to 2023, with the SHiELD forecast in green. 
(c) As in (a), but for IFS (black) and HWRF (yellow) during the years of 2014 to 2019. (d) As in (c), but for the years of 2020 to 2023, 
with the forecasts in T-SHiELD (dark green), HAFS-A (blue), and HAFS-B (magenta).
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comparable to IFS during the 2020–22 seasons, and the difference between SHiELD and IFS 
was much smaller than that between GFS and IFS during 2023.

The new-generation regional hurricane models have performed very well since the 2020 
season. HAFS-B showed higher skill than IFS in 2020; HAFS-A and T-SHiELD showed either 
better or comparable skills to IFS in 2021 and 2022. In 2023, compared to HWRF, both HAFS 
models and T-SHiELD showed much closer skills to the IFS, and their skills are better than 
the global GFS or SHiELD.

Figure 3 shows the intensity forecast skill based on the errors of maximum 10-m wind 
speed in each model relative to the SHIFOR5 forecasts averaged over the 120-h forecast period. 
Compared to the negative skill IFS, GFS and SHiELD showed positive skill in the years 2019, 
2020, and 2022, which is a significant achievement for global model development. Also, it is 
very encouraging to see that the new HAFS models performed as well as the leading HWRF 
model for TC intensity forecasts from 2020 onward, which demonstrates a successful transi-
tion to NOAA’s new-generation operational hurricane models.

4. Summary and prospects
Along with the major upgrades of the dynamical core, physics, and data assimilation in the 
operational GFS, U.S. model development for weather forecasts has been steadily advanc-
ing since 2019. The improved hurricane track and intensity forecasts described here can be 
taken as an indicator to demonstrate the progress made by the entire UFS community. The 
gap in hurricane track forecast skill between the GFS and IFS has been substantially reduced. 
The research-oriented SHiELD performed even better than the GFS for TC track forecasting 
in the North Atlantic basin, which demonstrates the potential of future NOAA operational 

Fig. 2.  Mean TC track forecast skill relative to the CLIPER5 track forecast error, averaged over the 120-h 
forecast for the seven models during the 2019–23 Atlantic hurricane seasons. The mean track forecast 
errors are computed at 6-h intervals, ranging from 6 to 120 h, and then, the values shown are com-
puted by averaging skill values over those lead times. The colors used for the models are the same as in  
Fig. 1. Total numbers of homogeneous cases are listed in the brackets at the bottom of the abscissa for 
each hurricane season.
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global models from the integration of current cutting-edge dynamical and physical algo-
rithms. Moreover, different from IFS and the previous generation of U.S. global models, the 
FV3-based GFS and SHiELD showed much improved TC intensity forecast skill, marking a 
significant achievement of U.S. global model development. This article focuses on the model 
performance in forecasting North Atlantic TCs due to their large impact on the United States. 
It will be worthwhile to explore the improvement of U.S. models in TC prediction for other 
global basins in a future study.

The next-generation FV3-based regional hurricane models showed outstanding per-
formance in both TC track and intensity forecasts. The newly operational HAFS-A and 
HAFS-B successfully reproduced the intensity forecast skill achieved by the HWRF 
which has been one of the world’s leading regional hurricane intensity and structure 
forecast models for many years. Furthermore, both HAFS models and T-SHiELD showed 
comparable or even better TC track forecasts than global models from 2020 to 2023. The 
achievement of HAFS represents a considerable success for HFIP in upgrading the NOAA 
regional hurricane models.

The abovementioned progress cannot be attributed to a single change in the model devel-
opment. All model components, including dynamical core, grid configuration, physics, and 
data assimilation, play important roles. Also, the setup and adjustments among the model 
components can also largely contribute to the model performance. The progress shown in 
this article is the bit-by-bit accumulated model development effort from the entire community. 
Accordingly, a sufficiently large sample of cases from multiple hurricane seasons is neces-
sary when assessing the performance of the TC forecasts among models. In other words, a 
single case or a single hurricane season cannot fully represent the models’ performance. In 
addition, natural yearly variation is an important factor that affects the models’ performance.  
Figure 2 shows that even the world-leading IFS does not show consistent improvement on 
TC track forecasts over the years, even though it had a new model version for each hurricane 
season during that period. This indicates that a consistent year-by-year skill improvement 

Fig. 3.  As in Fig. 2, but for the mean TC intensity forecast skill relative to the SHIFOR5 10-m wind speed 
forecast error.
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cannot and should not be expected, but a long-term improvement from one 5-yr period to 
the next demonstrating the efforts devoted by the model development community is what we 
aimed to present in this article.

To further improve the U.S. models’ hurricane prediction, many aspects are worth explor-
ing and approaching. A holistic modeling system with well-integrated physics, dynamics, 
and data assimilation techniques has been a goal which still requires strong community 
engagement. Skillful dynamical models that can accurately depict these processes are also 
the key foundation for probabilistic forecasts using single- or multiple-model ensembles. 
From a scientific perspective, the year-to-year variation of TC track forecast skill, i.e., 
“more difficult” or “easier” years for TC prediction, is definitely an interesting research 
topic to explore. As we push the global model resolutions to 10 km or higher, e.g., current 
IFS (CY49r1), GFS (version 16), and SHiELD (v2024) are at 9, 13, and 6.5 km, respectively, 
it will be necessary to address the impact from the resolved grayscale or kilometer-scale 
phenomena to TC track or intensity forecasts. It is expected that the global nested model-
ing approach will better represent the connection between the large-scale circulation and 
individual storms.

Recently, with the enhancement of computer power and the appearance of new technolo-
gies, e.g., graphical processing unit (GPU) and machine learning techniques, it is time for us 
to consider adjusting the current model development strategy. In recent years, data-driven 
machine learning (ML) weather models have emerged, including Fourier ForeCasting Neural 
Network (FourCastNet; Pathak et al. 2022) in the United States and Artificial Intelligence/
Integrated Forecasting System (AIFS; Lang et al. 2024) at ECMWF. Some of these ML models 
already demonstrate TC track forecast skills on par with both the IFS and GFS while having 
very low computational cost (DeMaria et al. 2024). While ML models are still in need of more 
extensive evaluation, and current-generation ML models struggle with intensity, mesoscale 
TC structure (Bonavita 2024), and out-of-sample events (Sun et al. 2024), these provide a 
promising complement to dynamical models. We believe that properly adopting the new 
technologies to best complement the physical models could maximize the benefits from both 
and possibly be the next great advance in hurricane prediction.
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