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for the East Asia and
western North Pacific
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Xiaodong Zeng1,2 and Guangqing Zhou1

1Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing, China, 2State Key Laboratory
of Earth System Numerical Modeling and Application, Institute of Atmospheric Physics, Chinese
Academy of Sciences, Beijing, China
Accurate prediction of weather and climate conditions is vital for ensuring the

safety of human environments. In this study, we developed a regional air-sea

coupled weather forecasting model and conducted a preliminary evaluation of

its performance concerning basic variables such as precipitation, typhoons, and

10-meter wind fields. The forecasting system covers the region from 15° to 40°N

latitude and 108° to 146°E longitude, utilizing the Weather Research and

Forecasting Model (WRF) for atmospheric components and the Regional

Ocean Modeling System (ROMS) for oceanic components, integrated via the

National Center for Atmospheric Research Coupler version 7 (CPL7). The system

operates at a horizontal resolution of approximately 3 km. We performed daily

rolling 96-hour forecast experiments, starting at 00:00 each day from January 1,

2024, to December 31, 2024. The results indicate that the annual mean rainfall

root mean square error (RMSE) for the entire region is 13.7 mm/day for a 24-hour

forecast and 16.3 mm/day for a 96-hour forecast. Spatially, the RMSE is generally

smaller in the northwest land area of the region (inland China) compared to the

ocean, with notably larger RMSE near Taiwan and the Philippines due to higher

average precipitation in these areas. Southern Japan also exhibits relatively large

RMSE values. The forecast skill demonstrates significant seasonal variation, with

higher RMSE in summer compared to winter. For typhoon forecasts, the mean

error distance is 74.1 km for 24–48 hours and 118.9 km for 48–72 hours. The

RMSE of 10-meter wind over the oceans shows similar patterns to rainfall, with an

annual mean RMSE of 1.5 m/s for a 24-hour forecast and 2.5 m/s for a 96-

hour forecast.
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1 Introduction

The ocean and the atmosphere are the two important components

of the earth system model (ESM), which is of complexly interact with

each other and plays pivotal impact on Earth’s weather and climate.

The coupled ocean and atmosphere numerical models are the most

comprehensive and useful tools to understand and predict the

atmosphere and oceanic weather and climate phenomenon (Fu

et al., 2021). Due to computational limitation, current global ESMs

typically have coarse horizontal resolutions and simplify the complex

processes of oceanic and atmospheric physics through

parameterizations, which are primarily established for studying the

interactions of large-scale atmospheric and oceanic physical processes,

as well as climatic evolution (Kay et al., 2015; Peng et al., 2012). In

contrast, regional ESMs are configured with higher resolution with the

aim of resolving finer-scale topography, circulation patterns, and

thermodynamic structures to provide more accurate regional

climate information and weather applications (Feser et al., 2011;

Giorgi, 2019; Gutowski et al., 2020).

Regional air-sea coupled models have evolved significantly since

their early development in the mid-1980s (Neelin et al., 1992),

initially focusing on phenomena like tropical air-sea interactions

(e.g., ENSO). A key driver for developing high-resolution regional

coupled models, such as the one presented here, is the need for

detailed, short-term weather forecasts over specific areas (Feser

et al., 2011; Gutowski et al., 2020). While global ESMs with coarser

resolution are indispensable for long-term climate projections and

studying large-scale interactions (Kay et al., 2015; Peng et al., 2012),

regional models configured with higher resolution aim to resolve

finer-scale topography, circulation patterns, and thermodynamic

structures to provide more accurate regional weather information

and applications. Recent advancements in regional coupled

modeling include incorporating additional Earth system

components, such as sea ice, atmospheric chemistry, and

ecosystems, to investigate their complex interactions (Giorgi,

1995). Hostetler et al. (1993) coupled a lake thermal model with a

regional climate model. Giorgi et al. (2003) incorporated a

chemistry aerosol model with a regional climate model to assess

direct and indirect effects of anthropogenic sulfate on the climate of

east Asia. Smith et al. (2010) implemented a novel vegetation

dynamics scheme within the regional climate models. Multiple

regional ocean-atmospheric coupling models are also developed

based on different components and coupling methods (Warner

et al., 2010; Dai et al., 2019; Jin et al., 2023).

More studies have incorporated regional ocean-atmosphere

coupling into their weather and climate research conducted in the

regions of East Asia and the western North Pacific (Fang et al., 2010;

Zou and Zhou, 2013; 2016; Cha et al., 2016). The ocean-atmosphere

interaction over East Asia and western Northern Pacific is crucial

especially for warm sea surface temperature (SST) condition, in

which the atmospheric forcing significantly influences SST

variability (Lu and Lu, 2015; He et al., 2015; Lee and Cha, 2020;

Kong et al., 2024). Some studies indicates that the ocean-

atmosphere coupling can better reproduce and predict the

precipitation and large-scale circulation in the East Asian summer
Frontiers in Marine Science 02
monsoon regions (Yao and Zhang, 2008; Jin et al., 2023). Zou and

Zhou (2016) pointed out that the ocean-atmosphere coupling

model can better simulate the low-level summer monsoon

circulation in the western Northern Pacific region. Peng et al.

(2023) demonstrated sea–air coupling leads to a decrease in

precipitation in East Asia under present day conditions. Jin et al.

(2023) illustrates that the sea–air coupling model has better

performance in simulating the monthly changes of the western

Pacific subtropical high and related precipitation compared to that

by stand-alone atmosphere model. Long et al. (2024) indicates that

ocean-atmosphere coupling also significantly improves summer

precipitation over ocean.

Currently, the regional atmospheric general circulation models

driven by the observed SST are widely used to predict the weather and

climate, especially for the landfalling tropical cyclone and precipitation

forecast (Dowell et al., 2022; Tapiador et al., 2022; Zhang et al., 2022).

The absence of ocean coupling in regional coupled models leads to

suboptimal precipitation simulations in East Asia and affects intensity

of typhoon (Sun et al., 2019; Peng et al., 2023), which limits

understanding of atmosphere-ocean interactions. In addition to SST,

the warm upper ocean thermal condition, warm or cold eddy

conglomeration may partly influence intensity evolution of typhoon

(Shay et al., 2000; Wu et al., 2007; Ma et al., 2019; Liu et al., 2023). It

also needs ocean model to depict the upper ocean thermal and

dynamical change. To address these limitations, we used a coupled

regional climate model, including atmosphere and ocean components,

to predict weather over East Asia and the western North Pacific. The

purpose of this article is to evaluate the accuracy of regional air-sea

coupling model weather prediction.

While advanced operational systems such as NOAA’s HWRF/

HAFS (featuring three-way atmosphere–ocean–wave coupling for

tropical cyclones) and COAMPS (designed for multi-component

coastal and offshore prediction) exemplify the current state of the

art in regional coupled modeling, our current effort focuses on

developing and evaluating a pragmatic, high-resolution (3 km) two-

way atmosphere–ocean coupled system specifically for the East Asia

and western North Pacific region. This configuration serves as a

foundational step, with the integration of wave physics — a key

feature in both HWRF/HAFS and COAMPS— planned as a critical

future enhancement to improve the fidelity of air–sea interaction

representation, particularly for typhoon intensity forecasting.

The structure of this paper is as follows. Section 2 outlines the

model, experimental setup and observation datasets. In Section 3,

the performances and forecast skill of the model are evaluated,

including precipitation, typhoon and 10-m wind speed. Finally,

Section 4 renders discussion and section 5 provides a summary of

the findings and conclusions.
2 Methods

2.1 Model system description

The prediction system is based on the air-sea coupled model of

Jin et al. (2023), the atmospheric component is Weather Research
frontiersin.org
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and Forecasting Model (WRF) and the oceanic component is

Regional Ocean Modeling System (ROMS), coupled through the

National Center for Atmospheric Research Coupler version 7

(CPL7). The horizontal resolution of both WRF and ROMS is

3 km. WRF has 51 vertical layers with the model top at 10 hPa,

while ROMS has 41 vertical layers. The main region of the

prediction system covers the East Asia and western North Pacific

(108-146°E, 15-40°N, Figure 1). The detailed coupled model settings

are listed in Table 1, and a comprehensive description can be found

in Jin et al. (2023). The coupling is accomplished through the

NCAR CPL7 flux coupler every 3-hour. WRF exports to ROMS: 10-

m wind components (u, v), surface air temperature, specific

humidity, surface pressure, net short- and long-wave radiation,

and accumulated precipitation. ROMS exports to WRF: sea-surface

temperature and sea-surface roughness (computed from surface

current and elevation). Surface turbulent heat and momentum

fluxes are calculated by the COARE 3.0 bulk algorithm inside

CPL7 using the most recent exchanged fields, ensuring

simultaneous consistency of atmospheric forcing and ocean

boundary conditions.

Initialization of prediction system applied atmosphere

assimilation procedure mainly focusing on the short-term (from

24 to 96-hour) weather forecast. The initialization consists of data

preprocessing and assimilation processes. The data preprocessing

process is mainly composed of atmospheric preprocessing and

oceanic preprocessing programs, whose main function is to

prepare the initial fields and lateral boundary fields for the

regional coupled model. The atmospheric preprocessing

programs are WPS and REAL. WPS and REAL process the
Frontiers in Marine Science 03
global atmospheric forecast data into the forms of initial fields

and lateral boundary fields specified by WRF, which are then

provided to the assimilation subsystem for processing. The oceanic

preprocessing process developed independently by the authors

transforms RTOFS(Real-Time Ocean Forecast System) forecast

data into initial and boundary fields that are ready for use with

ROMS. Bicubic Interpolation is used to interpolate data from

RTOFS onto the ROMS grid. The data involved includes sea

surface height, sea temperature, sea salinity, and ocean currents.

The assimilation subsystem adopts GSI3.7.1 (Gridpoint Statistical

Interpolation). Using the initial fields and lateral boundary fields

generated by the WRF preprocessing as background fields, the

assimilation subsystem further assimilates satellite and

conventional observation data. These observations are

incorporated as analysis increments added to the background

fields, resulting in improved atmospheric initial fields and lateral

boundary fields suitable for WRF. A critical issue in model

initialization, especially when coupled, is that models started

from external data (GFS(Global Forecast System) for

atmosphere, RTOFS for ocean) require a “spin-up” period to

adjust from the external data’s dynamical equilibrium to the

model’s own dynamical equilibrium. This is because external

data may not ful ly al ign with the internal physica l

parameterizations and grid-scale processes of the coupled system,

leading to transient biases if directly used for forecasting. At

present, the system addresses this by implementing 12-hour

spin-up periods, during which flux exchanges between model

components are gradually activated to avoid external data

struggling to align with the coupled system’s internal dynamics.
FIGURE 1

Forecasting focus area and the topography (Unit: m).
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It should be noted that the system’s operational setup is

critically dependent on real-time data streams, GDAS (Kleist

et al., 2009), RTOFS (Garraffo et al., 2020) and GFS (Zhou et al.,

2022) from NOMAD on NOAA/NCEP.
2.2 Forecast experiments

This paper presents a preliminary analysis and evaluation of the

atmospheric results of a daily rolling 96-hour forecast experiments,

which starts daily at 00:00 from January 1, 2024 to December 31,

2024. Although a 4-day simulation window is relatively short for the

ocean to undergo large-scale thermodynamic changes, coupling is

implemented to capture the critical, high-frequency air-sea

feedbacks (e.g., SST cooling under typhoons, momentum fluxes)

that can significantly impact short-term atmospheric forecasts,

particularly for high-impact events like typhoons. This setup also

provides a foundation for extending forecasts to longer lead times in

future work.

The data preprocessing subsystem processes the 0.25° GFS

global atmospheric forecast data (obtained from https://

nomads.ncep.noaa.gov/pub/data/nccf/com/gfs/prod) and RTOFS

global oceanic forecast data (obtained from https : //

nomads.ncep.noaa.gov/pub/data/nccf/com/rtofs/prod/) into the
Frontiers in Marine Science 04
initial fields and lateral boundary fields for WRF/ROMS. The

assimilation subsystem, based on the WRF initial fields and

lateral boundary fields provided by the data preprocessing

subsystem, further assimilates satellite and conventional

observation data (obtained from https://nomads.ncep.noaa.gov/

pub/data/nccf/com/obsproc/prod and listed in the Table 2) to

form the atmospheric initial fields and lateral boundary fields

used for forecasting.
2.3 Validation data sets

The datasets used in this study for evaluation include the

original forecast output, the ERA5 atmospheric hourly reanalysis

dataset (0 .25°×0 .25° , Hersbach et a l . , 2020, ht tps : / /

cds.climate.copernicus.eu/datasets), Global Precipitation

Climatology Project (GPCP) daily precipitation dataset V1.3 and

the best track dataset of tropical cyclones from the China

Meteorological Administration Tropical Cyclone Data Center

(https://tcdata.typhoon.org.cn/zjljsjj.html). Daily GPCP Satellite-

Gauge Combined Precipitation dataset is provided by the NOAA

Climate Data Record (CDR) with 1°×1° spatial resolution from

1996 to present (Huffman et al., 2001).
3 Results

Precipitation and typhoons are the climatic phenomena with

the most significant impact on human activities in the Northwest

Pacific region. This paper evaluates the performance of the

forecasting system concerning precipitation and typhoons in the

Northwest Pacific monsoon area. Additionally, wind speed over the

ocean significantly influences maritime activities, including fishing,

which necessitates accurate wind speed forecasting. Therefore, the

effectiveness of the forecasting system in predicting wind speed will

also be examined.
3.1 Rainfall

Figure 2 shows the spatial distribution of the root mean square

error (RMSE) of precipitation for the annual average 24-hour

forecast, 48-hour forecast, 72-hour forecast, and 96-hour forecast.

The following characteristics of the model forecast can be observed.

Firstly, the RMSE on the northwest land of the region is generally

smaller than that on the ocean, especially the RMSE near Taiwan to

the Philippines is relatively larger. This is likely due to the higher

average precipitation in this region (Kosaka, 2021). The 24-hour

RMSE over the land in China is generally smaller than 20 mm/day,

similar to the previous studies using the raw ECMWF forecasts

(Tian et al., 2024). There is also a region with a large RMSE in

southern Japan, which is also a precipitation center and a

component of the summer monsoon precipitation belt. In

addition, it can be seen that the RMSE in the ocean east of the

Philippines is relatively small, because this is the coverage area of
TABLE 1 Model major parameter configurations.

Parameter type Parameters

WRF integration
scheme

3rdorder Runge–Kutta

WRF microphysics
scheme

2-moment Morrison

WRF boundary layer YSU

WRF surface scheme Monin-Obukhov

WRF land surface
scheme

NOAH

WRF radiation
scheme

RRTMG/RRTMG

WRF lateral boundary
scheme

Specified

ROMS vertical mixing LMD_MIXING

ROMS horizontal
mixing

UV_VIS4 and MIX_GEO_TS

ROMS lateral
boundary scheme

Chapman for free surface, Flather for 2d momentum,
radiation nudging for current and tracer, Closure for
mixing TKE

Air-sea coupling flux
calculation

Large and Yeager, 2004

Coupling frequency Once every 3 hours

WRF and ROMS
projection

Lambert

Grid
WRF/ROMS 3km, WRF 10hPa with 51 layers, ROMS
41 layers
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Pacific Subtropical High, and the precipitation is relatively smaller

than in the northwest Pacific monsoon region. It can be seen that

the RMSE shows an increasing trend from 24-hour forecast to 96-

hour forecast, which is also reasonable. The results indicate that the

annual mean rainfall root mean square error (RMSE) for the entire

region is 13.7 mm/d for a 24-hour forecast and 16.3 mm/d for a 96-

hour forecast.

Figure 3 shows the distribution characteristics of 24-hour

forecast RMSE in different seasons, including the average results
Frontiers in Marine Science 05
from January to March, April to June, July to September, and

October to December. The RMSE from January to March is

relatively small, with the high value area located in the belt

shaped region from southeastern China to Japan, basically below

20 mm/day. In spring and summer, RMSE significantly increases,

especially in the southeastern region of China, where the maximum

RMSE value exceeds 30 mm/day. This is likely related to the large

amount of precipitation brought by the summer monsoon. The

RMSE of the Philippine Sea has also increased to a certain extent,

but it is smaller than the belt shaped high-value area from

southeastern China to Japan. In early summer and autumn, the

RMSE of the entire region generally increases, with the northwest

Pacific being the maximum area, surpassing the north. This may be

related to the decrease in precipitation in the north accompanied by

monsoon retreat. In winter, the RMSE on land in China is

significantly lower, which may be related to the decrease in

precipitation in the northern regions., with the highest values

located on the tropical ocean surface. Overall, the forecasted

RMSE is closely related to the magnitude of precipitation, with

larger RMSE in summer and smaller RMSE in winter (e.g., Yang,

2002; Ding and Chan, 2005). The seasonal variation characteristics

for 48, 72 and 96 hours forecast are similar to the 24-hour forecast,

and figures are omitted here. The magnitude of RMSE is closely

proportional to local climatological mean rainfall. In active

monsoon regions such as the Philippine Sea and southern Japan

during summer (JAS), where the observed mean precipitation

exceeds 8–10 mm/day (GPCP), the 24-hour RMSE typically

ranges from 18 to 24 mm/day—approximately 2 to 2.5 times the

mean rainfall. This scaling behavior is consistent with findings in

Wu et al. (2023) and Tian et al. (2024), who reported similar RMSE-

to-mean ratios in high-resolution precipitation forecasts over East

Asia. In contrast, winter RMSE over inland China remains below 10

mm/day, reflecting both lower rainfall amounts and reduced

convective activity. The seasonal variation characteristics of

RMSE mentioned above can also be seen from the time series in

Figure 4. In winter, RMSE generally gradually increases to about 10

mm/day, while in summer it remains around 20–30 mm/day.

Afterwards, RMSE also decreases significantly with the retreat of

the summer monsoon. At the same time, it can be seen that the

RMSE time series of experiments with different forecast time

periods exhibit similar changing characteristics, and the longer

the forecast time period, the larger the RMSE. An interesting

phenomenon is that RMSE exhibits certain seasonal variation

characteristics, for example, from summer to autumn, the RMSE

in August and October is significantly lower than before and after

the period, which may also reflect the seasonal variation

characteristics of precipitation. The RMSE of precipitation for 24,

48, 72 and 96 hours forecast in each month is shown in Table 3. In

previous studies, it was also found that the precipitation RMSE is

relatively larger in the Meiyu period (June-July) than the rainy

season of North China (July-August) which is related to more

precipitation in the Meiyu period than that in the rainy season of

North China (Wu et al., 2023). This indicates that the RMSE is

related to the climate mean rainfall amount. Wetter regions or

seasons may be associated with higher forecast RMSE.
TABLE 2 Assimilated data in the forecast system.

Filename Description

gdas.t00z.prepbufr.nr
Preprocessed BUFR-format observation dataset
generated by the Global Data Assimilation

System (GDAS) at 00Z UTC

gdas.t00z.satwnd.tm00.bufr_d
Satellite-derived atmospheric motion/wind

vectors

gdas.t00z.1bamua.tm00.bufr_d
AMSU-A (Advanced Microwave Sounding

Unit-A) Level 1B radiance data

gdas.t00z.1bhrs4.tm00.bufr_d
HIRS/4 (High-Resolution Infrared Radiation

Sounder) Level 1B radiance data

gdas.t00z.1bmhs.tm00.bufr_d
MHS (Microwave Humidity Sounder) Level 1B

radiance data

gdas.t00z.1bamub.tm00.bufr_d
AMSU-B (Advanced Microwave Sounding

Unit-B) Level 1B radiance data

gdas.t00z.ssmisu.tm00.bufr_d
SSMIS (Special Sensor Microwave Imager/

Sounder) unified preprocessed data

gdas.t00z.airsev.tm00.bufr_d
AIRS/AMSU/HSB (Atmospheric Infrared

Sounder) retrieved products

gdas.t00z.sevcsr.tm00.bufr_d
CERES (Clouds and Earth’s Radiant Energy

System) radiation budget data

gdas.t00z.iasidb.tm00.bufr_d
IASI (Infrared Atmospheric Sounding

Interferometer) data (EUMETSAT mission)

gdas.t00z.gpsro.tm00.bufr_d
GPS Radio Occultation atmospheric bending

angle data

gdas.t00z.amsr2.tm00.bufr_d
AMSR2 (Advanced Microwave Scanning
Radiometer 2) microwave imager data

gdas.t00z.atms.tm00.bufr_d
ATMS (Advanced Technology Microwave

Sounder) cross-track scanning data

gdas.t00z.geoimr.tm00.bufr_
GEO/IMR (Geostationary Earth Orbit -
Imagery/Microwave Radiance) data

gdas.t00z.gome.tm00.bufr_d
GOME (Global Ozone Monitoring
Experiment) ozone profile data

gdas.t00z.omi.tm00.bufr_d
OMI (Ozone Monitoring Instrument) total

column ozone data

gdas.t00z.osbuv8.tm00.bufr_
SBUV/2 (Solar Backscatter Ultraviolet

Radiometer) ozone layer data

gdas.t00z.eshrs3.tm00.bufr_
EUMETSAT HIRS/3 (High-Resolution

Infrared Radiation Sounder) data

gdas.t00z.esamua.tm00.bufr_
EUMETSAT AMSU-A (Advanced Microwave

Sounding Unit-A) data

gdas.t00z.esmhs.tm00.bufr_d
EUMETSAT MHS (Microwave Humidity

Sounder) data
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3.2 Typhoon

The Northwest Pacific is one of the primary regions for the

formation of typhoons globally, thus it is imperative to evaluate the

effectiveness of forecasting systems in predicting typhoons.

Since forecasts are only performed once per day, the sample size

is insufficient to allow for error comparisons every 12 hours as is

standard in operational practice. Therefore, this study calculates

errors over the 24–48-hour and 48–72-hour intervals. Taking the

24–48-hour error calculation as an example, the specific procedure

is as follows: for a forecast initialized at 00:00 UTC, the model

outputs at 24, 30, 36, 42, and 48 hours lead time are compared with

the corresponding observations valid at those times. The prediction

errors for typhoon landfall locations 24–48 hours in advance

(Figure 5a) indicate that the forecasting system exhibits relatively

high accuracy within this time frame. The mean error distance of all

typhoons within the forecast domain over the 24–48-hour lead time

is 74.1 km, with errors concentrated between 23.7 km and 154.6 km,

showing a relatively tight distribution. Most prediction errors

cluster within 60–90 km, suggesting that the model effectively

captures typhoon track characteristics at shorter lead times.

However, certain typhoons (e.g., Ewiniar and Shanshan) exhibit

errors significantly exceeding the mean, highlighting the impact of
Frontiers in Marine Science 06
track complexity on prediction accuracy. Overall, 24-48-hour

predictions demonstrate stability, though attention must focus on

high-uncertainty cases to refine forecasting methodologies and

enhance performance under extreme conditions.

For predictions 48–72 hours in advance (Figure 5b), system

accuracy declines notably. The mean error distance of all typhoons

within the forecast domain increases to 118.9 km (a ~60% rise from

24-48-hour predictions), with the error range expanding to 29.4-

227.5 km, indicating greater dispersion. Errors for some typhoons

(e.g., Ewiniar and Pulasan) far exceed the maximum values of 24–

48-hour predictions, reflecting amplified uncertainties in typhoon

tracks due to atmospheric circulation and topographic influences

over longer lead times. While a few typhoons (e.g., Kong-Rei, Man-

yi and Troji) exhibit smaller errors, overall error variability

intensifies, aligning with the increased sensitivity of numerical

models to complex weather systems over extended periods. This

undermines the reliability of 48-72-hour predictions.

Analysis of full-life-cycle track predictions 24-48-hour in

advance (Figure 6c) reveals stable model performance overall, yet

significant disparities exist among typhoons. The mean error

distance of 81.9 km suggests general alignment with observed

tracks, though outliers persist. For instance, Prapiroon and

Pulasan exhibit errors of 109.4 km and 120.4 km, respectively,
FIGURE 2

Rainfall RMSE for (a) 24-hour, (b) 48-hour, (c) 72-hour and (d) 96-hour forecast. (Units: mm/day).
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FIGURE 4

Timeseries of rainfall RMSE in 2024 forecast (black: 24-hour, red: 48-hour, blue: 72-hour and green: 96-hour). (Units: mm/day).
FIGURE 3

Rainfall RMSE for seasonal mean (a) [January-March (JFM), (b) April-June (AMJ), (c) July-September (JAS), and (d) October-December (OND)] in
24-hour forecast. (Units: mm/day).
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underscoring challenges in predicting tracks influenced by complex

synoptic systems or topography. Conversely, Jongdari and Krathon

show minimal errors (45.4 km and 55.3 km), indicating predictable

trajectories and robust model performance.

Extending predictions to 48-72hour (Figure 5d) yields a ~49%

increase in mean error distance (124.4 km vs. 81.9 km for 24-48-

hours), signaling diminished reliability. Most errors cluster between

100–150 km, though outliers like Jongdari (181.8 km) and Pulasan

(145.2 km) highlight exacerbated uncertainties over longer

timeframes. Error dispersion widens compared to 24–48-hour

predictions. For example, Usagi’s error grows from 57.4 km to

101 km, and Ewiniar’s from 89.5 km to 142.0 km, reflecting the

model’s waning ability to resolve track evolution and the overall

decline in prediction precision is pronounced.

These results, derived from limited open-source observational

datasets, underscore the challenges inherent in forecasting. The

model’s sensitivity to initial conditions and its limited capacity to

characterize atmospheric circulation dynamics contribute to
Frontiers in Marine Science 08
reduced accuracy, particularly for typhoons with complex or

erratic tracks.

The reported track forecast errors are comparable to the current

global operational and regional typhoon/hurricane track forecast

accuracy. For example, The Met Office, as a global leader in

numerical weather prediction, has demonstrated remarkable

accuracy in typhoon track forecasting. In 2024, their Northern

Hemisphere verification report showed a 24-hour track error of

74 km, 48-hour error of 107 km, and 72-hour error of 163 km on

North-west Pacific basin storms (Met Office, 2024). Yang et al.

(2024) analyzed the track and intensity forecast errors of global

operational models such as CMA-GFS, NCEP-GFS, ECMWF-IFS,

UKMO-MetUM, and JMA-GSM, as well as regional operational

models such as SHTM, CMA-TRAMS, CMA-TYM, and HWRF,

for typhoons over the western North Pacific in 2022 at forecast lead

times of 24-hour, 48-hour, and 72-hour. According to Table 6 of

Yang et al. (2024), for global models, the 24-hour track forecast

errors range from 60 km to 88 km, the 48-hour track forecast errors
FIGURE 5

(a) Prediction deviation of 24-48-hour forecast landfall location; (b) Prediction deviation of 48-72-hour forecast landfall location; (c) Prediction
deviation of 24-48-hour forecast track; (d) Prediction deviation of 48-72-hour forecast track. The x-axis represents typhoon names, and the y-axis
denotes error distances. The red dashed line indicates the mean error. Unit: km.
TABLE 3 Rainfall RMSE (unit: mm/day) in each month for 24h, 48h, 72h and 96h forecast.

Forecast lead time/Month 1 2 3 4 5 6 7 8 9 10 11 12

24h 7.1 6.2 7.6 12.6 15.1 17.1 18.9 16.4 23.8 16.8 14.0 8.8

48h 7.7 6.6 8.6 14.2 17.7 19.5 21.3 19.8 26.6 20.8 16.6 10.3

72h 7.9 6.8 9.0 13.3 18.0 20.2 22.0 21.1 26.8 21.5 16.8 10.2

96h 7.8 6.7 9.7 13.7 18.7 20.1 21.7 21.1 28.6 21.0 17.3 10.1
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range from 114 km to 150 km, and the 72-hour track forecast errors

range from 179 km to 236 km. ECMWF-IFS performs the best in all

periods, with errors of 63.3 km, 114.8 km, and 179.7 km,

respectively. In contrast, the corresponding errors of NCEP-

GFS in these periods are 67.4 km, 134.2 km, and 194.0 km,

respect ively. For regional models , the 24-hour track

forecast errors range from 55 km to 83 km, the 48-hour

track forecast errors range from 104 km to 175 km, and the 72-h

track forecast errors range from 180 km to 257 km. CMA-TRAMS

performs the best in all periods, with errors of 55.3 km, 104.4 km,

and 180.9 km, respectively. In contrast, the corresponding errors of

HWRF in these periods are 83.7 km, 175.4 km, and 251.5 km,

respectively. It’s noted that The NCEP Global Forecast System

(GFS) analysis and forecasts provide initial and boundary

conditions for the HWRF model. But HWRF is not better than

GFS generally. For example, the 24, 48, 72-hour track bias of GFS is

better than those of HWRF, where 67.4(GFS)/83.7(HWRF) km,

134.2(GFS)/175.4(HWRF)km, and 194.0(GFS)/251.5(HWRF).

Figure 6 illustrates the prediction mean absolute biases of

typhoon maximum wind speeds simulated by the model for lead

times of 24–48 hours and 48–72 hours. In this study, the maximum

10-meter wind speed within the typhoon-affected area derived from

model outputs is compared against the observed maximum wind

speed at corresponding time instances. Figure 6a depicts the

temporal mean of prediction biases for the maximum wind speed

at each synoptic time step of typhoons with a 24-48-hour lead time,

with the overall mean of these temporal averages calculated as

6.64 m/s. A prevalent overestimation characteristic is evident, with

particularly pronounced biases observed for typhoon Shanshan

(10.39 m/s) and Prapiroon (10.61 m/s). Only a limited number of
Frontiers in Marine Science 09
typhoons, such as Yagi (0.62 m/s), exhibit near-zero bias. This

indicates a systematic tendency of the model to overestimate the

maximum wind speed in its overall predictions.

Figure 6b presents the prediction biases for the Lifetime

Maximum Sustained Wind Speed (LMWS), with the overall mean

of these biases being 7.22 m/s. The bias varies markedly across

storms: Toraji exhibits a strong overestimation (+22.87 m/s), while

Yagi is underestimated by −5.23 m/s, highlighting significant case-

dependent deviations in intensity prediction. However, on the

whole, the model’s predictions of typhoon maximum wind speeds

lean toward overestimation. Figure 6c shows the temporal mean of

prediction biases for the maximum wind speed at each time step of

typhoons with a 48–72-hour lead time, with the overall mean of

these biases reaching 7.33 m/s. Figure 6d displays the prediction

biases for typhoon LMWS with a 48–72-hour lead time, with the

mean of these biases being 6.61 m/s. Prediction errors remain highly

variable among storms: Gaemi is underestimated by −6.74 m/s,

whereas Shanshan and Prapiroon are substantially overestimated,

indicating inconsistent model performance across different cyclone

environments. The intensity bias of the system is comparable to the

operational system. According to Table 4 of Yang et al. (2024), for

objective forecasts in 2022 over the Western North Pacific and the

South China sea, the 24-hour mean absolute error (MAE) of

intensity for global models ranges from 6.5 m/s to 11.0 m/s, the

48-hour MAE ranges from 9.2 m/s to 11.6 m/s, and the 72-hour

MAE ranges from 7.0 m/s to 10.9 m/s. NCEP-GFS performs the best

in all periods, with MAEs of 6.7 m/s, 7.7 m/s, and 7.0 m/s,

respectively. In contrast, the corresponding MAEs of ECMWF-

IFS in these periods are 11.0 m/s, 11.6 m/s, and 10.9 m/s,

respectively. For regional models, the 24-hour MAE of intensity
FIGURE 6

(a) Prediction deviation of 24-48-hour forecast maximum wind speed; (b) Prediction deviation of 24-48-hour forecast Lifetime Maximum Sustained
Wind Speed. (LMWS); (c) Prediction deviation of 48-72-hour forecast maximum wind speed; (d) Prediction deviation of 48-72-hour forecast LMWS.
(e) Mean bias of predicted minimum central pressure for 24–48-hour lead time; (f) as in (e) but for 48–72-hour lead time. Positive (negative) values
denote overestimation (underestimation) of cyclone depth. Dashed red line indicates the sample-mean bias. The x-axis represents typhoon names,
and the y-axis denotes error. The red dashed line indicates the mean error. In (a-d), Unit: m/s. In (e, f), Unit: hPa.
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ranges from 5.8 m/s to 8.4 m/s, the 48-hour MAE ranges from

6.9 m/s to 8.0 m/s, and the 72-hour MAE ranges from 7.1 m/s to

7.6 m/s. CMA-TRAMS performs the best in all periods, with MAEs

of 5.8 m/s, 6.9 m/s, and 7.1 m/s, respectively. In contrast, the

corresponding MAEs of HWRF in these periods are 6.2 m/s, 7.9 m/

s, and 7.6 m/s, respectively. Our result is comparable to these global

and regional operational forecast. Again, the intensity bias of GFS vs

HWRF is 6.7(GFS)/6.2(HWRF) m/s, 7.7(GFS)/7.9(HWRF) m/s,

and 7.0(GFS)/7.6(HWRF) m/s, Overall, the system tends to

predict stronger typhoons than observed, which reflects inherent

deficiencies in the model’s representation of typhoon dynamic-

thermodynamic processes. Nevertheless, underestimations in

LMWS predictions occur for certain typhoons, indicating that the

model’s predictive performance fluctuates across different

typhoon cases.

In addition to track and 10 -meter wind speed verification, the

model’s prediction of minimum central pressure (MCP) was

evaluated as a supplementary intensity metric. Over the 24–48-

hour and 48–72-hour forecast windows, the mean bias in MCP is

−0.05 hPa and −0.56 hPa, respectively, indicating a marginal

overestimation of cyclone intensity (Figures 6e, f). While the mean

bias remains close to zero, per-case deviations are considerable, with

absolute errors exceeding 20 hPa for several storms (e.g., Man-Yi,

Toraji, and Yinxing). These discrepancies align with the model’s

systematic positive bias in maximum sustained winds, suggesting that

deficiencies in inner-core dynamics and surface flux

parameterizations affect both wind and pressure representations.

However, MCP verification was not included in the primary

verification suite; hence, these results are presented only as

diagnostic context, not as a comprehensive assessment.

In terms of intensity prediction, the systematic overestimation

of typhoon strength reflects challenges in regional coupled models

(Gramer et al., 2024). Those model still struggle with accurately

representing inner-core dynamics, air-sea interactions, and cloud

microphysical processes, leading to systematic intensity biases

(Chen and Li, 2024; Zhao et al., 2017; Tan et al., 2025).
3.3 10-meter wind speed

Due to the significant impact of offshore wind speed on ship

navigation, the main focus is on offshore wind speed forecasting.

According to the forecast results of wind speeds of 10-meter over

the sea, the RMSE in the northwest Pacific Ocean far from land is

relatively small, while the RMSE around Japan, Taiwan Island, and

the Philippines Island is relatively large (Figure 7). The RMSE of the
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24-hour to 96-hour forecast shows an increasing trend, with the

RMSE of the 24-hour forecast generally below 2 m/s, and the

maximum RMSE area of the 96-hour forecast can exceed 3 m/s.

The RMSE of 10-meter wind over the oceans shows similar patterns

to rainfall, with an annual mean RMSE of 1.5 m/s for a 24-hour

forecast and 2.5 m/s for a 96-hour forecast. From the monthly

RMSE of the wind field in Table 4, it can be seen that it has obvious

seasonal variation characteristics, with winter being smaller than

summer, similar to rainfall (Table 3). It is interesting that the

forecast RMSE in September is the highest of the year, which can

also be seen in the precipitation forecast (Figure 4). This seasonal

features of RMSE can also be seen in the ECMWF 10-meter wind

forecasts. They evaluated the northern extratropical 10-meter wind

speed RMSE and found the RMSE in boreal winter is higher than

summer (Haiden et al., 2024). Whether the seasonal characteristics

observed in our forecast experiments are valid for other years’

forecasts deserves further research.
4 Discussion

4.1 Interpretation of key results

The forecast performance of the coupled system aligns with

expectations for a 3 km resolution regional model, but also reflects

character is t ics l inked to model des ign and regional

weather features:

Precipitation RMSE patterns: Smaller errors over inland China

(northwest of the domain) and larger errors near Taiwan, the

Philippines, and southern Japan are consistent with the spatial

distribution of precipitation intensity—wetter regions (influenced

by summer monsoons and typhoons) inherently have higher

forecast uncertainty [Jin et al., 2023; Tian et al., 2024; Wu et al.,

2023]. Seasonal variations (higher RMSE in summer) further

confirm that the model’s precipitation errors are closely tied to

the complexity of convective processes in the East Asian monsoon

(Peng et al., 2023).

Typhoon forecast performance: Track errors (74.1 km for 24–

48 hours, 118.9 km for 48–72 hours) indicate the system’s ability to

capture large-scale steering flows. However, systematic

overestimation of maximum wind speed (mean bias: 6.64–7.33 m/

s) highlights deficiencies in simulating typhoon inner-core

dynamics—likely due to the absence of wind-wave coupling

(wave-induced surface drag would reduce simulated wind speeds,

Zhao et al., 2017).
TABLE 4 RMSE for 10-meter wind speed (unit: m/s) forecast.

Forecast lead time/Month 1 2 3 4 5 6 7 8 9 10 11 12

24h 1.4 1.4 1.5 1.6 1.6 1.6 1.7 1.6 1.9 1.7 1.6 1.4

48h 1.7 1.8 1.8 1.8 1.9 1.8 1.9 2.0 2.2 1.8 2.0 1.7

72h 1.8 1.9 2.0 2.0 2.1 2.0 2.1 2.3 2.7 2.2 2.2 1.9

96h 2.0 2.0 2.1 2.3 2.4 2.3 2.4 2.9 3.2 2.6 2.4 3.7
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10-meter wind speed errors: Larger RMSE near coastal regions

(Japan, Taiwan, Philippines) reflect the challenge of resolving

complex terrain-ocean-atmosphere interactions, while the

increasing trend of RMSE with forecast lead time is a common

feature of short-term numerical models (Chen et al., 2020).
4.2 Limitations and unresolved issues

4.2.1 Initialization-related biases
External data from GFS and RTOFS may not fully converge to the

coupled system’s dynamic equilibrium state within the 12-hour spin-up

window, leading to transient biases in the first 24 hours of forecasting

(e.g., slight overestimation of coastal precipitation). This issue is

widespread in regional coupled models and cannot be fully resolved,

but future improvements could include:
Fron
• Ensemble-based initialization: Generating 10–20 ensemble

members with perturbed initial conditions (e.g., ± 0.5 °C

SST adjustments) and subtracting the ensemble mean to

eliminate systematic trends;

• Assimilating ocean in-situ data: Integrating Argo float

profiles and moored buoy observations into ROMS
tiers in Marine Science 11
initialization to reduce reliance on RTOFS and improve

the oceanic init ial state ’s consistency with the

coupled system.
4.2.2 Trade-off between coupling complexity and
forecast lead time

For 96-hour forecasts, the utility of ocean-atmosphere coupling has

been questioned (e.g., whether simple SST schemes could suffice).While

our current evaluation does not include explicit sensitivity experiments

comparing coupled and uncoupled configurations, the reasonable

representation of typhoon intensity—despite known biases—and the

model’s ability to resolve air–sea feedbacks suggest that coupling likely

contributes positively during high-impact events. This interpretation is

consistent with previous studies showing that the ocean–atmosphere

interaction improves typhoon forecasts (Shay et al., 2000; Wu et al.,

2007; Liu et al., 2023). Rigorous quantification of this benefit will be

addressed in future work through controlled experiments.

4.2.3 Absence of wind-wave coupling
The systematic overestimation of typhoon maximum wind speed

(approximately 6–7 m s−¹) is likely attributable to the absence of explicit

wind-wave coupling in the current atmosphere–ocean (AO)
FIGURE 7

RMSE of wind speed at 10-meter height in 2024 forecast for (a) 24-hour, (b) 48-hour, (c) 72-hour and (d) 96-hour (Units: m/s).
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configuration. As demonstrated by Li et al. (2022) and Xu et al. (2023),

incorporating wave-coupled physics—particularly wave-state-

dependent surface drag, sea spray from breaking waves, and non-

breaking wave-induced turbulence—can significantly reduce wind

speed forecast errors. However, in our AO-only forecasting system,

wind-wave coupling (including the sea wave component) is not

included. Consequently, the model likely overestimates surface stress

under typhoon conditions due to an unrealistically linear increase in the

drag coefficient with wind speed. This missing “natural brake” on

momentum transfer leads to excessive wind intensification and

contributes substantially to the observed positive bias. To address this

limitation, future development will integrate a spectral wave model (e.g.,

SWAN) to enable wave-state-dependent air–sea flux parameterizations,

thereby achieving a more physically consistent representation of high-

wind air–sea interactions and mitigating the systematic intensity error.
5 Summary

In this work, we developed a regional air-sea coupled weather

forecasting model for the western north Pacific region (15-40°N, 108-

146°E). The atmospheric component of the coupled model is WRF

model and the oceanic component is ROMS model. The horizontal

resolution is ~3 km. A daily rolling 96-hour forecast experiments,

which starts daily at 00:00 from January 1, 2024 toDecember 31, 2024

is conducted and a preliminary evaluation is provided in this study.

Results show that the annual mean rainfall RMSE for the whole

region is 13.7 (16.3) mm/day for 24 (96) hours forecast. For the

spatial pattern of RMSE, on the northwest land of the region (inland

China) is generally smaller than that on the ocean, especially the

RMSE near Taiwan, and the Philippines is relatively larger, which is

associated with the average high precipitation near Taiwan Island to

the Philippines Island region. The RMSE in southern Japan is also

relatively large. The forecast skill is featured by notable seasonal

variation, with higher RMSE in summer than winter. For typhoon

forecast, the mean error distance for 24–48 hours forecast is 74.1 km

(23.7-154.6 km) and 118.9 km (29.4–227.5 km) for 48–72 hours

forecast. The system tends to predict stronger typhoons than

observed, which reflects inherent deficiencies in the model’s

representation of typhoon dynamic-thermodynamic processes.

Nevertheless, underestimations in LMWS predictions occur for

certain typhoons, indicating that the model’s predictive

performance fluctuates across different typhoon cases. The annual

mean 10-meter wind RMSE for 24 (96) hours forecast is 1.5 (2.5) m/s.

For the spatial features, the RMSE in the northwest Pacific Ocean far

from land is relatively small, while the RMSE around Japan, Taiwan

Island, and the Philippines Island is relatively large.

The model discrepancies are primarily attributable to the

prototype’s limitations. First, the model relies on every limited

observational data, a far cry from the Met Office’s comprehensive

global network of satellites, buoys, and aircraft reconnaissance. Such
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data scarcity compromises the accuracy of initial conditions, a

cornerstone of accurate track forecasting. Second, as an ocean -

atmosphere coupled system in its infancy, the prototype grapples

with underdeveloped data assimilation, unrefined parameterization

and lack of wave model and ensemble forecasting capability. In

contrast, the operation model has spent decadently optimizing their

model, refining physics schemes, integrating diverse observational

datasets to enhance model fidelity, and employing very complex

ensemble strategy.

To address the above limitations and systematic forecast bias

identified in this study, the prototype system urgently requires several

improvements. First, integrating a wind-wave component may be

critical to mitigate the typhoon intensity bias. Second, implementing

ensemble-based initialization enhances initial conditions and

optimize spin-up process. It mitigates biases arising from the

“attractor problem” — where initial conditions from uncoupled

global models (GFS, RTOFS) require time to adjust to the coupled

system’s internal dynamics Third. incorporating the latest

parameterization schemes, such as those developed by the China

Meteorological Administration (CMA) for boundary layer and cloud

physics, could significantly reduce intensity biases (Tan et al., 2025).

Fourth, considering advanced ocean assimilation approach into this

regional air-sea coupled weather forecasting model is our future work

in order to strengthen the ROMS component by providing a more

accurate and dynamically consistent oceanic initial state. Last,

integrating machine - learning algorithms, offers great potential for

improving both track and intensity forecasts (Xu et al., 2025; Niu

et al., 2025). By leveraging these advancements, the prototype may

gradually approach the accuracy standards set by the Met Office and

other leading forecasting centers.
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