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The ability of forecasting systems to simulate tropical cyclones is still insufficient, and currently, there is an increased interest in improving model performance for intense tropical cyclones. In this study, the impact of reducing surface drag at high wind speeds on modeling wind and wave conditions during the super Typhoon Lingling event over the northwest Pacific Ocean in 2019 is investigated. The model response with respect to the parameterization for momentum exchange at the ocean surface is demonstrated using a fully coupled regional atmosphere model (the Consortium for Small-Scale Modeling-Climate Limited-area Modeling, CCLM) and a wind wave model (WAM). The active two-way coupling between the atmosphere and ocean waves model is enabled through the introduction of sea state-dependent surface drag into the CCLM and updated winds into the WAM. The momentum exchange with the sea surface is modeled via the dependency of the roughness length (Z0) on the surface stress itself and, when applicable, on the wind speed. Several high-resolution runs are performed using one-way or two-way fully coupled regional atmosphere-wave (CCLM-WAM) models. The model simulations are assessed against the best track data as well as against buoy and satellite observations. The results show that the spectral nudging technique can improve the model’s ability to capture the large-scale circulation, track and intensity of Typhoon Lingling at regional scales. Under the precondition of large-scale constraining, the two-way coupling simulation with the proposed new roughness parameterization performs much better than the simulations used in older studies in capturing the maximum wind speed of Typhoon Lingling due to the reduced drag at extreme wind conditions for the new Z0.
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INTRODUCTION

The air-sea interaction plays an important role in the coupled climate system through radiative exchanges, energy, mass, and momentum fluxes (Cavaleri et al., 2012a). The momentum flux at the air-sea interface not only is significant in determining the vertical structure of the lower part of the atmosphere boundary layer and the atmospheric circulation patterns (Janssen et al., 2002), but also greatly impacts wave dissipation and breaking as well as ocean circulation (Cavaleri et al., 2012a; Breivik et al., 2015). The transfer of momentum is usually parameterized in terms of drag coefficient or roughness length (Holthuijsen et al., 2012), which is the key element for wind and wave modeling. However, the impact of wind waves on air-sea interaction processes is usually neglected in coupled models for both forecasting and climate purposes. One reason for this is that the space and time scales of surface waves are much smaller than the atmosphere and ocean dynamic scales (Hasselmann, 1991). At the European Centre for Medium-range Weather Forecasts (ECMWF), the wave spectral model EC-WAM has been used for the fully coupled system since 1998 (Janssen, 2004). More recently, wave models have been implemented in many coupled model systems, and the impact of wind waves on air-sea interaction processes has been demonstrated at global and regional scales (Warner et al., 2010; Qiao et al., 2013; Breivik et al., 2015; Wahle et al., 2017).

Sea surface roughness determines the momentum and heat fluxes between the atmosphere and ocean and can affect climate and individual weather events (Moon et al., 2004; Wu et al., 2016; Staneva et al., 2017). Under swell conditions, surface waves can affect atmospheric mixing in neutral to slightly unstable stratified atmospheres (Rutgersson et al., 2012; Wu et al., 2017). In stand-alone atmospheric regional models, the roughness length over water surfaces is usually parameterized as a function of wind speed (e.g., Doms et al., 2011). However, since the roughness length is often underestimated by the atmospheric model (Wu et al., 2017), different modifications of the roughness parameterization have been implemented. However, tuning the parameters in the atmospheric model does not account for the non-linear interactions between the atmosphere and waves and is insufficient to replace the coupling between waves, especially during extreme storm conditions (Wahle et al., 2017; Wiese et al., 2019; Li et al., 2020). If an active sea state is considered, the roughness is estimated by the ocean wave model, which accounts for swell and wave age (e.g., Janssen et al., 2002; Wu et al., 2017; ECMWF, 2019). Active wave and atmosphere coupling yields modified roughness lengths over ocean surfaces (Lionello et al., 1998; Katsafados et al., 2016), which further affects the overlying atmosphere (Janssen, 2004; Wiese et al., 2019).

In many parameterizations, the increased roughness length for low wind speed calculated by the wave model potentially leads to an enhanced heat flux, which becomes essential for hurricane studies as it leads to an intensification of the hurricane (Bao et al., 2000). For hurricanes simulations, the decrease or saturation in surface drag for very high wind speeds shown to be critical leading to improvements in the prediction of intensification and decay of tropical cyclones (Chen et al., 2013; Donelan, 2018).

At the atmosphere-ocean interface, the momentum flux also plays a significant role in the momentum balance. It leads to a cross-isobar flow. As a result, low-pressure systems fill more quickly (Janssen, 2004). Over the ocean, this flux depends on the sea state. In particular, young sea states are associated with rough air flow and high friction. Hence, substantial changes in the surface roughness and friction velocity occur in areas of young sea states (Janssen et al., 2002).

Consequently, the enhanced transfer of momentum leads to more direct air flow into the center of the low-pressure system, and thus, the system fills up more quickly. This further tends to fill low-pressure systems (Janssen, 2004). Therefore, the effects that wind waves have on the evolution of a low-pressure system are determined by the dominant processes through which the system develops (momentum or heat). When an atmospheric model is coupled with a wave model, the momentum flux affected by wind waves causes less deepening of extratropical lows during the model simulation (Janssen, 2004). On the other hand, Bao et al. (2000) demonstrated that a hurricane can become deeper due to the coupling between the atmospheric and the wave model. The feedbacks between wind waves and the atmosphere create non-linear interactions within the dynamic structure of a storm or cyclone (Katsafados et al., 2016), leading to a thicker and more turbulent boundary layer.

Over the past decades, many parameterization schemes of sea surface roughness length and drag coefficient have been developed through wind and/or wave parameters such as 10 m wind speed, wave steepness, and wave age (Charnock, 1955; Wu, 1982; Taylor and Yelland, 2001; Guan and Xie, 2004; Edson et al., 2013; Donelan, 2018). Based on dimensional reasoning, Charnock (1955) proposed the Charnock relation, which indicates an increase in roughness length with increasing wind speed. Kitaigorodskii and Volkov (1965) suggested that the Charnock constant should depend on the fetch and the duration of the wind event. Hsu (1974) proposed that the Charnock constant should be proportional to the wave steepness. The wave age-dependent Charnock relation was later qualitatively supported by Donelan (1982). Taylor and Yelland (2001) proposed a sea surface roughness length parameterization based on the height and steepness of waves and demonstrated that it can accurately predict the behavior of the drag coefficient observed in wave tanks, lakes, and the open ocean. Based on composite datasets collected from different conditions, Drennan et al. (2005) found that the wave-age-dependent formulation performs better than the wave-steepness-dependent formulation for underdeveloped young wind-sea conditions, while the steepness-dependent formulation outperforms the wave-age-dependent formulation for general mixed sea conditions. Edson et al. (2013) found that the sea surface roughness formulation based on wind speed and wave age yields similar results for wind speeds of 5–25 m/s over open water since the inverse wave age varies linearly with wind speed under 25 m/s. Many other studies have proposed various forms of parameterization schemes based on wind speed (Fairall et al., 2003) or wave age (Johnson et al., 1998; Gao et al., 2006).

An empirical quadratic equation to parameterize the drag coefficient from the 10-m wind speed is proposed by Green and Zhang (2013). A parabolic model of the drag coefficient for storm surge simulations in the South China Sea is implemented by Peng and Li (2015). A semi-empirical model for estimating the foam impact on the variation of the drag coefficient was used in Golbraikh and Shtemler (2016). Donelan (2018) proposed a Reynolds number dependence of the oceanic sheltering coefficient, as well as a drag coefficient function of Reynolds number, wave age, and wind speed, and showed that the drag coefficient reached its peak at a wind speed of 30 m/s.

Studies have revealed that drag coefficients linearly increase with wind speed, as supported by field observations at low to moderate wind speeds (Wu, 1982; Petersen and Renfrew, 2009). However, according to field and laboratory observations, the drag coefficient saturates or even decreases for high wind speeds, but the values at which the drag coefficient levels off vary (Powell et al., 2003; Donelan et al., 2004; Zweers et al., 2010). Based on wind profiles from global positioning system (GPS) radiosondes released in tropical cyclones, Powell et al. (2003) found that the drag coefficient decreases at 33 m/s and decreases significantly from 40 m/s to 51 m/s. Using even more wind profiles from GPS radiosondes, Holthuijsen et al. (2012) found that the drag coefficient levels off at wind speeds of 30–35 m/s and that the roughness decreases to virtually zero by 80 m/s wind speed. According to laboratory extreme wind experiments, Donelan et al. (2004) concluded that the aerodynamic roughness saturates at a wind speed of 33 m/s. In contrast, Bi et al. (2015) found that the drag coefficient reaches a peak value of 0.002 at a wind speed of 18 m/s and decreases with increasing wind speed between 18 and 27 m/s. Other studies also reported different wind speeds at which the drag coefficient peaks, such as 30–40 m/s (Makin, 2005) or approximately 30 m/s (Zweers et al., 2010). Zhao et al. (2015) indicated that the drag coefficient peaks at a wind speed of 24 m/s in the coastal regions of the South China Sea, which is 5–15 m/s lower than that over the deep sea. Gao et al. (2020) showed that the relationship between the drag coefficient and wind speed has a parabolic form and that the saturated wind speed threshold is 22.33 m/when regressed from the drag coefficient.

The parameterization schemes of saturated or reduced drag coefficients at high wind speeds have been implemented or considered in atmospheric models (Zweers et al., 2010, 2015), ocean models (Zedler et al., 2009; Walsh et al., 2010), wave models (Moon et al., 2008), and atmosphere-ocean coupled models (Chen et al., 2018), showing improvements in modeling hurricane intensity, wave height and sea surface cooling. However, most implemented parameterizations are simple functions of wind speed and do not consider the impact of wave state on roughness length or drag coefficient. Recent state-of-the-art atmosphere-ocean wave coupled models (Liu et al., 2012a; Rizza et al., 2018; Kumar et al., 2020) consider the impact of reduced sea surface roughness at high wind speeds on air-sea interactions by using sea-spray related parameterization (Liu et al., 2012b; Wu et al., 2015), which leads to improvement in modeling observed cyclone features.

The regional atmosphere model CCLM has already been used in several studies coupled with waves (Cavaleri et al., 2012b; Wahle et al., 2017; Wiese et al., 2019). Skill assessments of the CCLM fully coupled to the wave model WAM over the East China Sea were performed by Li et al. (2020). Their results indicated that downscaled simulations tend to be closer to in situ observations than ERA5 reanalysis data in capturing wind variability and probability distribution; however, the biases during the extreme wind conditions were still high.

In addition to air-sea interactions, large-scale circulation is also significant for the modeling of typhoons, especially for typhoon development (Chan and Gray, 1982). It is essential for a regional atmospheric model to capture the large-scale background circulation appropriately by using spectral nudging (von Storch et al., 2000).

The present study investigates the impact of large-scale constraining and reduced surface drag at high wind speeds on modeling wind and wave conditions of super Typhoon Lingling. This typhoon featured an estimated maximum wind speed of 55 m/s and an estimated minimum sea level pressure of 930 hPa. It occurred in the northwest Pacific Ocean from 2 to 8 September 2019 and made landfall in North Korea. We conducted a series of experiments considering the spectral nudging technique and a newly introduced and further modified roughness length parameterization (ECMWF, 2020). The model simulations have been assessed against both coastal buoy observations and multisource satellite data. This parameterization considers both low and high wind regimes. It has been implemented in the ECMWF Integrated Forecasting System (IFS) CY47R1 and shows improvement in the relationship between maximum wind speed and minimum mean sea level pressure for tropical cyclones (Bidlot et al., 2020).

The paper is organized as follows. Section “Experimental Setups and Datasets” introduces the experimental setups and datasets. Section “Results” presents the results, including the validation of simulated wind and waves, and the investigation of the impacts of large-scale constraining and new parameterization. The summary and discussion are given in section “Summary and Discussion.”



EXPERIMENTAL SETUPS AND DATASETS


Model Description and Simulation Setups

The atmosphere-wave coupled model system used in this study consists of three components: a non-hydrostatic atmospheric model CCLM (Rockel et al., 2008), a third-generation wave model WAM (Group, 1988) and a model coupling interface OASIS3-MCT (Valcke, 2013), which allows synchronized exchanges of coupling information between the atmospheric model CCLM and the wave model WAM.


Atmospheric and Wave Models

The non-hydrostatic atmospheric model CCLM version 5.6 was used in the coupled model system. It is the climate version of the operational weather forecast model COSMO, which was developed by the German Weather Service (Rockel et al., 2008). The CCLM has been widely used for regional atmospheric simulations on time scales up to centuries and spatial resolutions between 1 and 50 km (e.g., Li, 2017; Li et al., 2019).

The wind wave model used in this study is WAM cycle 4.7, which maintains the basic physics and numerics of the WAM model as in Staneva et al. (2015). The source function integration scheme follows Hersbach and Janssen (1999). The wave parameterizations for wind input and whitecap dissipation of Ardhuin et al. (2010) were incorporated in the WAM version used here (ECMWF, 2019). The wave model simulations ran in shallow water mode, and wave breaking and depth refraction were taken into consideration.



Coupling of Models

The OASIS3-MCT version 3.0 coupler (Valcke, 2013) was implemented to interactively couple the atmospheric model CCLM and the wave model WAM.


TABLE 1. Model experiments.

[image: Table 1]We performed one-way and two-way coupled CCLM-WAM simulations (Table 1, abbreviated as 1w and 2w). For all simulations, the model domain of the CCLM covers the blue rectangular regions shown in Figure 1, encompassing the whole area over which Typhoon Lingling passed. The horizontal resolution is 0.0625° with 200 × 488 grid points in the longitudinal and latitudinal directions. There are 40 vertical layers. Ten grid points are set as a sponge zone at each lateral boundary. The surface (surface specific humidity and sea surface temperature) and lateral boundary conditions are provided at every hour interval using the ECMWF Forecast data (ECMWF, 2019, more details are given in the next section) with a spatial resolution of approximately 9 km.
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FIGURE 1. Topography of model areas: The outermost square indicates a domain for WAM simulation over the northwest Pacific region (resolution: 0.1°), the red square indicates the region for fine-resolution (0.05°) WAM simulation and CCLM-WAM coupling nested within the northwest Pacific WAM, and the blue square is the domain of CCLM simulations. Numbers in red indicate the locations of buoy observations (refer to Supplementary Table 1 for details).


The wave simulations over the red rectangle region (Figure 1) feature a spatial resolution of 0.05° (185 × 529 model grid points) forced by CCLM winds through one-way or two-way coupling. The model is downscaled inside a 0.1° northwest Pacific Ocean wave model, forced by ECMWF short-range forecast wind data (ECMWF, 2019). The wave model spectra consist of 36 directions and 30 frequencies, ranging from 0.04 to 0.66 Hz. The model topography is taken from the General Bathymetric Chart of the Oceans 1 min grid data.

In terms of one-way coupled model simulations, the atmospheric model provided wind velocities at 10 m height to the wave model through OASIS3-MCT, while there was no information sent back from the WAM model. For the two-way coupled model, the wave model was forced by wind simulated from the atmospheric model CCLM, and the sea surface roughness length was sent back from the WAM wave model to the atmospheric model CCLM. The spectral nudging technique (von Storch et al., 2000) was applied at every third timestep on horizontal wind fields in levels above 850 hPa for some of the model runs (Table 1). A height-dependent nudging coefficient was used, with value increasing from 850 hPa to upper levels by a square function. One-way coupled simulations with and without spectral nudging (SN) were conducted with wind speed-dependent roughness length parameterization named 1w_wind and 1w_wind_SN in Table 1). The wave-stress dependent roughness length parameterizations for two-way coupled simulations will be introduced in detail in section “Sea Surface Roughness Length Parameterizations.”

The exchange interval between the wave model and the atmosphere model is 6 min. All simulations runs were performed for the period from 27 August to 9 September 2019. The analyses in our study focused on the period from 2 to 7 September, covering the generation to the expiration of Typhoon Lingling over the northwest Pacific Ocean.



Datasets

To evaluate the model skills in capturing the wind and wave conditions during Typhoon Lingling, different wind and wave datasets were used as references, including the forcing ECMWF forecast data, the latest ERA5 reanalysis dataset, and buoy and satellite observations.


ECMWF and ERA5 Data

ECMWF short-range forecast data generated with ECMWF IFS CY46R1 were used to produce the forcing for the atmospheric model and the wave model simulation over the northwest Pacific Ocean. Forecast data from 0 to 12 UTC were collated using forecast steps of 0–11 h to yield an hourly data set. The data have a spatial resolution on the order of 9 km and 137 vertical levels. ECMWF IFS is an Earth System Model consisting of a global atmospheric model, a wave model and an oceanic dynamical model coupled to each other, and there are comprehensive data assimilation systems for the different model components, ingesting many different types of observations (ECMWF, 2019). Many data are used in ECMWF assimilation system, e.g., altimeter wave height data from Jason1/2, CRYOSAT-2, and Saral and backscatter signals for deriving the wind speed of scatterometer data from METOP-A/B were relevant to this work.

ERA5 is the latest global reanalysis dataset developed by the ECMWF, providing hourly estimates of large number of atmospheric, land and oceanic variables (Hersbach et al., 2020). It features a 30 km spatial resolution and 137 vertical levels from the surface to a height of 80 km at an hourly output frequency. The ERA5 reanalysis assimilates vast amounts of historical observations, including the altimeter wave height and scatterometer wind data as in the operational system. In comparison to ERA-interim reanalysis data, ERA5 features a much-improved troposphere, improved representation of tropical cyclones and more consistent sea surface temperature and sea ice values1. ERA-5 reanalysis has also proven to be highly effective in capturing wind and wave conditions over the East China Sea (Li et al., 2020).



Observation Datasets

In this study, the model-simulated wind and wave products are assessed against both in situ buoy observations and satellite observations.

We obtained in situ observations from 12 buoys (see Figure 1 for their locations and Supplementary Table 1 for details) including four buoy observations from the Marine Science Data Center (MSDC) of the Chinese Academy of Sciences, which are not assimilated in ECMWF analysis or ERA5 reanalysis. The Korean data, on the other hand, were obtained by ECMWF via the Global Telecommunication System (GTS), and wind and pressure data were assimilated by ECMWF (wave buoy data are not assimilated). The data were retrieved from the ECMWF archive. Wind speed and significant wave height are available at all in situ stations for validation. We adjusted the observed wind speed from the observation height to the 10 m height based on an empirical power law (e.g., Tobin et al., 2015).

In terms of satellite data, the wind speed data from Jason-2 and Jason-3 and the significant wave heights from Jason-3, Sentinel-3A, Sentinel-3B, Cryosat-2, and SARAL/ALtiKa were used as references. Their orbit coverage over the research domain during 2 September to 7 September 2019 is given in Supplementary Figure 1. The satellite measurements nearest to the model grid points and within 1 h from the simulated full hour were averaged and assigned as observations for the specific model grid. To assess the models’ skill in capturing wind and wave conditions, all simultaneous pairs between satellite observations and model grid points were selected if their differences are smaller than 10 m/s (2.5 m) for wind (wave).



Sea Surface Roughness Length Parameterizations

Turbulent momentum fluxes between the ocean and the atmosphere are generally parameterized in terms of the bulk formula drag coefficient (C_d):

[image: image]

where τ is the momentum flux or surface stress, ρair is the surface air density and U10is the wind speed at a height of 10 m above the surface. Under the neutral condition, C_d is usually parameterized as:

[image: image]

where κ is von Karman’s constant 0.4 and z_0 is the roughness length.

For the stand-alone atmospheric model CCLM or for one-way coupled CCLM-WAM model simulations (1w_wind, 1w_wind_SN in this study, Table 1), z_0 is parameterized based on the Charnock formulation (named Z0_wind in Table 1):

[image: image]

where the Charnock parameter α = 0.0123, g is the gravitational acceleration, and u^* is the friction velocity:

[image: image]

Following the work of Janssen (1991), for the two-way coupled CCLM-WAM model simulations, the Charnock parameter α is not constant but depends on the sea state through the wave-induced stress:

[image: image]

where τw is the wave-induced stress representing the momentum flux transferred from the atmosphere to the waves, and the tunable constant α is 0.0065. Therefore, the roughness length is formulated as:

[image: image]

which is abbreviated as Z0_wave_old (Table 1), and the corresponding simulation is 2w_old_SN.

To better fit the roughness length and drag coefficient to observations, a new parameterization scheme for the Charnock parameter has been proposed by Bidlot and implemented in ECMWF model cycle CY47R1 (ECMWF, 2020), which is applicable for high wind speed. Instead of a constant α in Equation (6) for all wind speeds, we set α to be a function of high wind speeds, allowing the Charnock parameter α to reduce sharply for wind speeds higher than 28 m/s and tail off for very high wind speeds (Z0_wave_new in Table 1):

[image: image]

where [image: image] Note that in ECMWF, implementation of (7) has used a threshold of 33 m/s rather than 28 m/s.

Figure 2 shows the relationship between the 10 m wind speed and roughness length or drag coefficient for five regional simulations. We find that for wind speeds less than 15 m/s, Z0 is similar among all simulations. However, their patterns vary for wind speeds larger than 15 m/s. Wind-dependent roughness lengths (1w_wind and 1w_wind_SN) increase slowly until approximately 50 m/s, with values smaller than the wave-dependent roughness length between 15 and 35 m/s and larger than 2w_new_SN for wind speeds larger than 35 m/s. In contrast, 2w_old_SN features the largest Z0 values among all simulations. The Z0 values of 2w_new and 2w_new_SN peak at approximately 28 m/s and decrease with wind speeds larger than 28 m/s.


[image: image]

FIGURE 2. The relationship between wind speed and (upper panel) roughness length, and (lower panel) drag coefficient during Typhoon Lingling (2–7 September 2019) over the coupling domain for the five simulations. Error bars represent one standard deviation for each bin.


For the drag coefficient, we find that the wind-dependent drag coefficients (1w_wind and 1w_wind_SN) increase linearly from approximately 10 m/s to 50 m/s. In comparison, the old wave-dependent drag coefficients for 2w_old_SN features linearly increase between 10 and 30 m/s and saturate for wind speeds larger than 30 m/s. The other two simulations, 2w_new and 2w_new_SN, show similar patterns for Z0 (the upper panel of Figure 2). It is also clear that the drag coefficient for 2w_new_SN is the smallest for extreme wind speeds, and 1w_wind and 1w_wind_SN feature the smallest drag coefficient for wind speeds of 10–35 m/s. This variation in roughness length clearly impacts the wind and wave modeling, as explained in the following section.



RESULTS


Model Validation

Figure 3A shows that our regional model simulations with spectral nudging, ECMWF data and ERA5 reanalysis are consistent with the best track data (BTD)2 in capturing the tracks of Typhoon Lingling. The great circle distances (GCDs, Figure 3B) are generally smaller than 40 km. In contrast, the simulations without spectral nudging do not capture the typhoon tracks well, with GCDs larger than 80 km. In terms of the minimum mean sea level pressure and maximum 10 m wind speed, the lower resolution ERA5 performs the worst among all modeled results. The maximum sea level pressure and maximum wind speed deviations from the observation are more than 50 hPa and 30 m/s, respectively. Overall, we find that simulation 2w_new_SN performs the best, while 1w_wind_SN ranks second. These two simulations show better skills than their counterpart simulations without spectral nudging (2w_new and 1w_wind, respectively). The results indicate the importance of large-scale constraining by spectral nudging to improve the model’s ability to capture the maximum intensity of super typhoons in downscaled regional model simulations. Furthermore, we find that 2w_new_SN is in better agreement with the BTD in capturing maximum wind speed than 2w_old_SN, which implies that the new roughness length formulation performs better than the old formulation. The tracks and the minimum sea level pressure of both simulations are similar. These results indicate that the new roughness length parameterization impacts the maximum wind speed (namely, for wind speeds larger than 28 m/s). However, it does not significantly influence the large-scale circulation patterns, which are also shown in Figures 4D,E.


[image: image]

FIGURE 3. (A) Tracks of Typhoon Lingling from model results and best track data (BTD) from the China Meteorological Agency; time series of (B) great circle distances between modeled and observed tracks, (C) the minimum mean sea level pressure and (D) the maximum 10 m wind speed.
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FIGURE 4. Snapshots of the modeled surface wind speed (m/s) at 10:00 UTC 6 September 2019 for (A) 1w_wind, (B) 1w_wind_SN, (C) 2w_new, (D) 2w_new_SN, (E) 2w_old_SN, (F) ECMWF, and (G) ERA5. The overlapping points represent the Jason2 satellite track.


The track differences between spectral nudging-constrained and unconstrained simulations also clearly exist in the wind speed field snapshot (Figure 4). We find that the satellite track passes over the typhoon center in the unconstrained simulations (Figures 4A,C), while it is far from the typhoon center in the constrained simulations. Though one-way coupling simulations greatly underestimate the maximum intensity of typhoons (Figure 3), we find that they (Figures 4A,B) tend to have a larger area featuring wind speed > 25 m/s than the two-way coupled model runs (Figures 4C–E) and the ECMWF data (Figure 4F). ERA5 features the weakest wind field among all simulations, with a maximum wind speed less than 25 m/s. In contrast, ECMWF forecast data feature stronger wind speeds with finer-scale information.

The direct comparisons between simulated and observed wind speed intensities along the satellite track (Figure 5) show that the one-way simulations (1w_wind and 1w_wind_SN) tend to overestimate satellite observations for strong wind speed due to the lack of feedback with the waves and the smaller roughness length (Figure 2). This bias is reduced in two-way coupling simulations, especially for simulations with the spectral nudging technique. We also find that even though ERA5 and ECMWF do not compare well in capturing the maximum typhoon wind intensities (Figure 2), they are comparable in capturing the observed wind < 20 m/s (Figures 5G,F).


[image: image]

FIGURE 5. Comparisons between wind speeds from Jason2 satellite data (blue points) and modeled data (red points) along the ascending satellite track (from southwest to northeast direction) in Figure 3 for (A) 1w_wind, (B) 1w_wind_SN, (C) 2w_new, (D) 2w_new_SN, (E) 2w_old_SN, (F) ECMWF, and (G) ERA5.


Similarly, for the significant wave height (SWH), on 5 September 2019, the one-way forced simulations (Figures 6A,B) feature the largest areas of high SWH among all simulations (Figures 6A–G), while ERA5 shows the smallest areas of strong SWH (Figure 6G). This is consistent with the wind intensities shown in Figure 4. Two-way coupling simulations are generally similar to ECMWF forecast data in capturing SWH patterns. The comparison (Figure 7) indicates that the one-way forced simulations greatly overestimate the satellite observations. The bias is reduced for the 2w_new simulation and further reduced for the 2w_new_SN simulation. In contrast, we find that the ECMWF forecast dataset fits the observations the best, while the ERA5 reanalysis underestimates satellite observations to some extent. ECMWF performs well in capturing general wind/wave conditions and extreme wind, which is believed to be attributed to its high-resolution as well as its assimilation with a large number of observations.


[image: image]

FIGURE 6. Snapshots of the modeled significant wave height (m) at 13:00 UTC 5 September 2019 for (A) 1w_wind, (B) 1w_wind_SN, (C) 2w_new, (D) 2w_new_SN, (E) 2w_old_SN, (F) ECMWF, and (G) ERA5. The overlapping points represent the Sentinel-3B satellite track.
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FIGURE 7. Comparisons between the significant wave heights of the Sentinel-3B satellite data (blue points) and modeled data (red points) along the ascending satellite track (from southeast to northwest direction) in Figure 6 for (A) 1w_wind, (B) 1w_wind_SN, (C) 2w_new, (D) 2w_new_SN, (E) 2w_old_SN, (F) ECMWF, and (G) ERA5.


In the following section, we will assess the simulated wind and waves’ skills in the coastal areas during the typhoon event. Figure 8 and Supplementary Figure 2 show little difference between simulations for capturing wind speeds less than 10 m/s for most coastal stations. The exception is seen mainly at stations 1, 3, and 4, where simulations without spectral nudging (1w_wind and 2w_new) overestimate observations during 5–6 September 2019. We can find a clear phase shift for simulations without spectral nudging (1w_wind and 2w_new) at almost all stations: the maximum wind speed for these two simulations occurs earlier than the observations and the other simulations. This is also consistent with the shift of typhoon tracks, as shown in Figures 3, 4, implying the significance of large-scale constraining by spectral nudging in simulating the typhoon event. 1w_wind_SN tends to overestimate strong wind speed during 6–7 September 2019, while 2w_new_SN, 2w_old_SN, ECMWF and ERA5 data are in better agreement with observations, with ECMWF and ERA5 being the best.


[image: image]

FIGURE 8. Time series of observed and modeled wind speeds from 2 to 7 September 2019 at different stations.


Figure 9 and Supplementary Figure 3 show that ECMWF fits the observed SWH the best, followed by the ERA5 reanalysis dataset. The ERA5 data underestimate observations at several stations, including stations 1, 3, 4, and 6. In general, the downscaling simulations overestimate the observed SWH in the extreme state. Similar to wind, the time of reaching maximum SWH values of the 1w_wind and 2w_new runs is shifted from the observations. The peak of the maximum SWH in the 2w_new_SN and 2w_old_SN simulations fits well with the observations. These two-way coupled model simulations perform better than the forced run (1w_wind_SN).
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FIGURE 9. The same as Figure 8, but for significant wave height.


The performance of the different runs against the in situ observations is also shown in the Taylor diagrams (Supplementary Figures 4, 5). The simulations with spectral nudging feature better correlation coefficients with observations than those without spectral nudging. In contrast to one-way coupling simulations, two-way coupling simulations are generally closer to the observations, especially for the waves (Supplementary Figure 5), with normalized standard deviation close to 1 and smaller normalized centerd root mean square errors. The ECMWF and ERA5 data are closer to the observations than the other simulations at most stations for both wind and waves. Finally, 2w_new_SN and 2w_old_SN are generally consistent with each other. This means that although the two Z0 schemes will impact the extreme wind conditions, they will not significantly influence the overall modeling of total wind and wave conditions.



Statistics of Wind and Wave Conditions–Satellite Observations as a Reference

For more comprehensive validation, satellite data are used to assess the skills of the different simulations in capturing wind and wave conditions over the research domain during 2–7 September 2019. Figure 10 shows that the ERA5 reanalysis and ECMWF data fit the satellite observations better than the other simulations, both in terms of wind speed distribution and statistical measures, which is because they both assimilated satellite-observed wind vectors. Among all downscaling simulations, we find that one-way coupling simulations (1w_wind and 1w_wind_SN) greatly overestimate high wind speeds in the range of 10–20 m/s. This overestimation can be reduced by two-way coupling. Specifically, we find that 2w_new_SN and 2w_old_SN are generally consistent with each other, and they are better than 2w_new in capturing wind statistics, indicating that spectral nudging adds value to regional atmosphere modeling. The impact of the new roughness length parameterization is mainly limited to extreme wind speeds (as shown in Figure 2) rather than general winds.
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FIGURE 10. Comparison of the modeled wind speed (y-axis) with satellite wind observations (x-axis): qq plots (red dots) and scatter plots (gray dots). The kernel density estimations (contour lines) are included.


In terms of significant wave height, Figure 11 shows that ECMWF is slightly better than ERA5 in terms of bias and normalized standard deviation (NSD) and outperforms the other simulations. Two-way coupling simulations are better than one-way coupling simulations in generating wave conditions. Among them, 2w_new_SN and 2w_old_SN are consistent with each other, and they are worse than 2w_new in terms of bias and NSD.
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FIGURE 11. Comparison of the modeled significant wave height (y-axis) with satellite wave observations (x-axis): qq plots (red dots) and scatter plots (gray dots). The kernel density estimations (contour lines) are included.




The Impact of Large-Scale Constraining and Roughness Length Parameterization on Wind and Wave Modeling

Above all, we find that both large-scale constraining and roughness length parameterization greatly impact wind and wave modeling during Typhoon Lingling.

In terms of large-scale constraining, the simulations with spectral nudging show better quality in capturing typhoon tracks, mean sea level pressure, wind statistics and some aspects of wave conditions than the simulation without spectral nudging. The outperformance is attributed to the large-scale constraining by spectral nudging, such that the large-scale pattern in the regional climate model (RCM) is consistent with the forcing dataset and the RCM is free to develop local-scale processes on its own. In order to quantify the consistency between ECMWF and other simulations and ERA5 data in large- or small-scale signals, we performed scale separation by using the digital filter method (Feser and von Storch, 2005) on sea level pressure and calculated the pattern correlation coefficients (PCCs) between spatially filtered ECMWF and simulations and ERA5. Figure 12 shows that the PCCs between ECMWF and simulations with spectral nudging or ERA5 are very high for full fields and large-scale fields, with values larger than 0.95. In contrast, we find that the simulations without spectral nudging feature relatively low PCCs with ECMWF. For local-scale signals (Figure 12C), PCCs between simulations with spectral nudging and ECMWF are consistent with each other. They are still higher than those between simulations without spectral nudging and ECMWF, indicating that the large-scale constraining by spectral nudging will affect the generation of local-scale signals from dynamical downscaling. By comparison, ERA5 features the weakest relationship with ECMWF for local-scale signals due to its coarse resolution.
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FIGURE 12. Time series of pattern correlation coefficient (PCC) of the sea level pressure between the ECMWF and simulations and ERA5 during Typhoon Lingling period for (A) full fields, (B) low-pass-filtered fields, and (C) high-pass-filtered fields.


Simulations with spectral nudging feature better skills in capturing the typhoon features. However, they still underestimate the maximum wind intensity of super Typhoon Lingling as revealed in Figure 3. By combining spectral nudging with the new parameterization of roughness length, we see better reproduction of the typhoon wind intensity.

The large-scale background circulation is critical for modeling the movement of typhoons. It is shown that 2w_new_SN performs better in capturing the typhoon tracks than 2w_new (Figure 3). We find a large difference in the wind speed field between 2w_new and 2w_new_SN (Figure 13C4), with the largest differences around typhoon centers: 2w_new generally features a larger (smaller) wind speed in the north (south) of the typhoon center, resulting in a stronger (weaker) wind sea. According to Li et al. (2020), a young sea under strong wind speeds will have a higher roughness length, which is apparently reflected in Figures 13C1–C3, featuring a similar distribution of Z0, DC and wind stress as the wind sea (Figure 13C4).
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FIGURE 13. Impact of different simulation setups on sea surface roughness length (Z0, unit: m), drag coefficient (DC), wind stress (Wstress, unit: N/m2), wind speed (WS, unit: m/s), wind sea (unit: m), swell (unit: m) and significant wave height (SWH, unit: m) at 0900 UTC 6 September 2019: (a1-a7) simulation 2w_new_SN; (b1-b7) the differences between 1w_wind_SN and 2w_new_SN; (c1-c7) the differences between 2w_new and 2w_new_SN; (d1-d7) the differences between 2w_old_SN and 2w_new_SN.


In terms of sea surface roughness parameterization, the roughness length for the one-way coupling runs 1w_wind and 1w_wind_SN depends on the wind speed (Eq. 3), while it depends on both wind speed and wave state for the two-way coupled model run 2w_new_SN (Eqs 6 and 7). Figure 13 shows that 1w_wind_SN features a smaller Z0 than 2w_new_SN in most areas, leading to a smaller drag coefficient, lower wind stress, and consequently higher wind speed and stronger waves over a large part of the research domain. A small region around the typhoon center where 1w_wind_SN features a larger Z0, drag coefficient and wind stress and consequently a lower wind speed than 2w_new_SN.

2w_old_SN generally shows an increase in roughness length with increasing wind speed, while 2w_new_SN peaks in roughness length at a wind speed of 28 m/s and decreases with wind speeds greater than 28 m/s (Figure 2). In contrast, we find that 2w_old_SN generally features a larger roughness length, larger drag coefficient and larger wind stress than 2w_new_SN, which is more pronounced around the typhoon center. Consequently, 2w_old_SN has a relatively lower wind speed around the typhoon center than 2w_new_SN (Figure 13D4).



SUMMARY AND DISCUSSION

In this study, we conducted several high-resolution atmosphere-wave coupled model simulations for super Typhoon Lingling in September 2019. We mainly focused on the impact of large-scale constraining and aerodynamic roughness length parameterizations on simulating wind and wave conditions, especially for extreme conditions, by comparing with data from both buoys and satellites. A new roughness length parameterization was implemented considering the decreases in roughness length under extreme wind conditions.

The main conclusions are summarized below:

(1) Large-scale constraining by the spectral nudging technique can improve the model’s ability to capture the large-scale circulation, track and minimum sea level pressure of Typhoon Lingling for both one-way and two-way coupled models. Under the precondition of large-scale constraining, the simulation with the new roughness length parameterization scheme (2w_new_SN) performs much better than the simulation with the old scheme (2w_old_SN) in capturing the maximum wind speed of Typhoon Lingling, which is caused by the reduced drag coefficient of the new Z0 scheme under extreme wind conditions. However, 2w_new_SN and 2w_old_SN show very similar performance in capturing general wind and wave conditions, as there is no difference in the roughness length for wind speeds less than 28 m/s. This improvement in simulating maximum wind speed confirms the results found by ECMWF (Bidlot et al., 2020).

(2) One-way coupling simulations underestimate the maximum wind speed of Typhoon Lingling. However, they overestimate strong wind speeds of 10–20 m/s and significant wave heights of 3–6 m, which is very pronounced in 1w_wind. The overestimation can be reduced using two-way coupling simulations. This is because the wind-dependent roughness length parameterization scheme is implemented in the one-way CCLM-WAM coupled model, resulting in relatively smaller roughness length under strong wind conditions and a relatively larger roughness length under extreme wind conditions.

(3) ERA5 reanalysis data perform the worst in capturing the maximum wind speed and minimum mean sea level pressure of Typhoon Lingling. In contrast, ECMWF forecast data and downscaled simulations show much improvement.

Accurately modeling and predicting super typhoons is still a challenge. The implementation of surface momentum flux parameterizations, the modeling of large-scale environmental circulation, the model resolution and the coupling between atmosphere and ocean are significant factors.

Previous studies reported different wind speeds at which the drag coefficient peaks, as we reviewed in the introduction section. In this study, the drag coefficient peaked at a wind speed of 28 m/s through the implementation of the value in the new roughness length parameterization in Eq. 7. To test the model sensitivity to the wind speed threshold, we ran another two simulations without spectral nudging. One simulation featured a decreased drag coefficient at a wind speed of 33 m/s, which is a typical wind speed at which the drag coefficient starts to decrease (Powell et al., 2003). The other simulation adopted the old Z0 parameterization scheme. These two simulations showed consistent results in capturing wind and wave conditions between each other, indicating that the regional model without spectral nudging cannot reach up to 33 m/s for wind speed, resulting in the involvement of the new Z0 scheme in the present study.

Guo and Zhong (2017) revealed that large-scale circulation constrained by spectral nudging can change the typhoon track both through dynamical and thermal factors, with the former being dominant one. It can directly adjust the local steering flow and impact the typhoon track, and it can modify the vertical wind shear, which modifies the location and symmetry of the severe inner convection and therefore changes the typhoon track. Supplementary Figures 6C4–C7 shows that there are changes in large-scale circulations at different pressure levels with the absence of spectral nudging. This will modify the location of the inner severe convection of the typhoon and will be accompanied by changes in the surface temperature and surface heat fluxes (Supplementary Figures 6C1–C3). Therefore, for modeling or predicting tropical cyclones accurately, one of the preconditions is the robust representation of the evolution of environmental large-scale circulation in the physical model. We also found that two-way coupling of the atmosphere and waves modified the surface heat fluxes and large-scale circulations at different levels (Supplementary Figures 6B1–B7). Although the related modification is not as significant as spectral nudging, it is more significant than modification by changing the Z0 scheme for extreme conditions (Supplementary Figures 6D1–D7).

Furthermore, the impact of atmosphere-wave coupling on a single depression is also dependent on the model resolution. If the resolution is too coarse to resolve the processes involved, the effect caused by coupling the wave model to the atmospheric model vanishes (Janssen et al., 2002; Wu et al., 2017). Wu et al. (2017) analyzed the effects of different roughness length parameterizations on the predictability of a storm. However, none of the tested parameterizations could reproduce the results of the coupled model simulations. The two-way coupling of wave and atmospheric models, when introduced into the high-resolution operational forecasts of ECMWF led to substantial improvements in several forecasting variables (e.g., ECMWF, 2019).

In addition, the energy of tropical cyclones is provided by the ocean through heat transport. Mogensen et al. (2017) revealed that upper ocean stratification is important for modeling the atmosphere-ocean coupled feedback and therefore, for predicting the development of tropical cyclones. The ocean state also partly determines the heat, moisture and momentum exchange between the atmosphere and ocean. Therefore, a high-resolution atmosphere-wave-ocean coupled model system is promising for realistically modeling tropical cyclones and the related interactions between the ocean and atmosphere.

With the development of model physics, the assimilation of vast amounts of observations and higher model resolution, the modeling of tropical cyclones can be advanced by the state-of-the-art global or regional model. Our study has shown the robust ability of a high-resolution regional CCLM-WAM coupled model with an advanced roughness length parameterization scheme to capture the super typhoon intensity. The model provides added value to the accurate modeling of the intensity of super typhoons, however, we only test one case of super typhoon “Lingling” in the present study using the one-way or two-way coupled CCLM-WAM with different Z0 scheme. To optimize the configurations for modeling or predicting super typhoons, it is necessary to conduct more sensitivity tests on different cases of super typhoons considering the factors including high-quality initial and boundary forcings, improved physical parameterizations, convective permitting modeling, coupled atmosphere-wave-ocean modeling. It is also of great significance to conduct long-term coupled model simulation with the optimal configurations, for studying the climatology, variability and climate change of super typhoons, or for predicting the extreme wind or waves. The latter is essential for marine-time planning or offshore wind farm implementation or maintenance.
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