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Key Points: 18 

• Storm surge effect of Hurricanes Matthew and Dorian are dramatically different although they 19 

have similar track and intensity. 20 

• Local wind and oceanic adjustment play a key role in the different storm surge, while the effect of 21 

atmospheric pressure is negligible. 22 

• The variability of peak timings induced by local and remote forcing can increase a maximum 23 

storm surge by ~ 50 % depending on hurricanes. 24 

 25 

 26 
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Abstract 27 

Along the South Atlantic Bight (SAB), Hurricane Matthew (2016) caused more coastal flood damage than 28 

Hurricane Dorian (2019) did although the two hurricanes had similar tracks and intensities. To understand 29 

the storm surge mechanisms during the two hurricanes, we investigate the relative roles of local forcing 30 

(e.g., wind and atmospheric pressure) and remote forcing (e.g., changes in the Gulf Stream transport and 31 

basin-scale waves) on the storm surge in the North Georgia where highest surges are recorded in the SAB. 32 

Sensitivity experiments performed with the high-resolution (up to 10 m resolution) model show the 33 

dominant role of remote forcing in determining storm surge during Dorian and Matthew compared to local 34 

forcing. In particular, while local forcing contributes to storm surge only when the hurricanes are close to 35 

the coastal area, remote forcing causes the noticeable increase in the surge not only during the hurricane 36 

event but also before and after the hurricane hit the area. We also find that the peak surges associated with 37 

the local and remote forcing occur almost simultaneously (e.g., two-hour difference) during Hurricane 38 

Matthew, whereas for Dorian they show about a fourteen-hour difference in arrival time. The varying arrival 39 

time of peak surges according to different forcing factors is important for determining maximum storm 40 

surge. If local and remote forcing concurrently generate the peak storm surge, the peak level would be 41 

amplified by up to 30% for Matthew and 50% for Dorian. 42 

 43 

Plain language summary 44 

During the falls of 2016 and 2019, the southeastern U.S. coast experienced the passage of hurricanes 45 

Matthew and Dorian, respectively. While the tracks and intensities of these hurricanes were comparable 46 

along the coast, their impacts on coastal water levels were dramatically different, showing much higher 47 

storm surge during Matthew than those for Dorian. These two events provided us with the opportunity to 48 

understand the roles and contributions of wind, atmospheric pressure and oceanic fields (e.g., sea surface 49 

height, temperature, salinity and velocity) to the storm surge during the hurricane events. Using the high-50 

resolution simulation, we revealed that local wind and oceanic change play a key role in driving the pattern 51 

of maximum storm surge.  In particular, the oceanic drivers can cause high coastal sea level before and after 52 
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hurricane’s direct damage (e.g., extreme wind and atmospheric pressure). Interestingly, we find that the 53 

timings of peak water levels induced by local wind and oceanic driver can vary with hurricanes. The relative 54 

timing of peak surges due to the different forcings has a significant impact on the coastal water level, 55 

showing the increase in peak surge by up to 30% for Matthew and 50% for Dorian in North Georgia. 56 

 57 

1. Introduction 58 

The southeastern coast of the U.S. is highly vulnerable to hurricanes, which can lead to loss of life 59 

and property damage reaching up to hundreds of billions of dollars for just one hurricane (Grinsted et al., 60 

2019). Storm surge is known as one of the most destructive factors to human life and infrastructure during 61 

the hurricane event (Gayathri et al., 2017; Wang et al., 2012; Shultz et al., 2005; Zhong et al., 2010). The 62 

damages due to storm surge are expected to increase because of sea level rise, more powerful and frequent 63 

North Atlantic hurricanes under planetary surface warming (Knutson et al., 2013, Hoegh-Guldberg et al., 64 

2018). Given the potential threat in the future, better understanding the main drivers that determine the 65 

storm surge can lead to a more accurate prediction of such catastrophic events, which can in turn help 66 

decision makers to manage hurricane-induced risks. 67 

Numerical models are now capable of capturing complex high-resolution physical processes and 68 

geographical features and thus have been widely used to investigate and predict storm surges during 69 

hurricane events. Earlier storm surge modeling efforts focused on capturing the evolution and the location 70 

of maximum storm surge although the simulations were limited to the coast because of low computational 71 

capability, which exclude the coastal dynamic connected with inland flow. In particular, as the water flow 72 

from the coast to inland were ignored in the simulations, the modelled storm surges were often 73 

overestimated (Gayathri et al., 2017). With the increase of computing resources more advanced models 74 

now explicitly consider the geomorphology and the coastal habitats of the coast and inland waters (e.g., 75 

wetlands in the case of the U.S. southeastern coast) to simulate extreme water level changes from the open 76 

ocean to the inland rivers and the marshes during hurricane events (Santiago-Collazo et al., 2019; Olbert et 77 

al., 2017). However, as the computational cost of high-resolution simulation is still high to cover a global- 78 
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or shelf-scale domain size, limited area models in targeted areas of interest are used to efficiently represent 79 

the complicated coastlines and channel networks (Trotta et al., 2021), which downscales the open ocean, 80 

large scale models.  81 

The main drivers of storm surge in the limited area models (e.g., downscaling models) can be 82 

separated into local and remote forcing (Morey et al., 2006; Zhong et al., 2010; Liu et al., 2018; Zhang and 83 

Li, 2019; Yang et al., 2020). The local forcing represents atmospheric air-sea fluxes of momentum, heat 84 

and water while the remote forcing is contained in the signals coming from the lateral boundaries of the 85 

region of interest in the form of sea surface height, velocity, temperature and salinity. As the definition of 86 

what is attributed to local vs. remote forcing is dependent on the size of the nested model and the 87 

surrounding environments (Zhong et al, 2010; Li et al., 2013), the relative role of the two forcings in storm 88 

surge widely vary with cases. For example, inside Chesapeake Bay, the remote forcing induced similar 89 

temporal evolution of storm surge at the different locations while local forcing modulated the temporal 90 

evolution depending on the locations from the coast to inland during Hurricane Isabel (2003) (Zhong et al., 91 

2010). Cho et al. (2012) reported that the water level response to remote forcing during Hurricanes Floyd 92 

(1999) and Isabel (2003) were similar in Chesapeake Bay. However, the local forcing caused dramatic 93 

difference in storm surge due to different wind directions between the two hurricanes. Similarly, Liu et al. 94 

(2018) reported that remote forcing is of little importance to the spatial distribution of storm surge while 95 

the local forcing spatially controlled the storm surge, interacting with geographical features such as 96 

topography and bathymetry in the Zhanjiang coastal area. Sensitivity experiments performed by Ma et al. 97 

(2017) pointed out that the local forcing could contribute to peak storm surge by up to 62% during Hurricane 98 

Leslie (2012) in Placentia Bay. Jones and Davies (2009) also mentioned the dominant role of local forcing 99 

in spatial and temporal variability of storm surges in the eastern Irish Sea and Liverpool Bay. On the other 100 

hand, Yang et al. (2020) showed the effects of remote forcing is dominant in storm surge in Salish Sea 101 

while the contribution of local forcing to storm surge is about 20% at the peak storm surge and only a few 102 

percentages on average during White Christmas snowstorm (1996) and the Hanukkah Eve windstorm 103 

(2006). Taken together, these previous studies show that the effects of local and remote forcing vary widely 104 
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across coastal areas and are regionally dependent. This implies that limited area, nested models are 105 

necessary for understanding the relative importance of remote vs. local drivers of storm surge, and for 106 

predicting their effects in different coastal areas of interest. Nevertheless, along the southeastern U.S. coast 107 

that is highly vulnerable to storm surge damage, the use of nested 3D high-resolution (~10 m) modeling 108 

studies has not been yet applied very comprehensively to understand the drivers of coastal flooding.  109 

Previous studies in the southeastern U.S. coast have examined the impact on storm surge from 110 

changes in hurricane’s track (Peng et al., 2006; Ezer, 2019), asymmetry (Xie et al., 2011), forward speed 111 

(Thomas et al., 2019). However, the model resolutions used in these studies are relatively coarse (100 to 112 

10s km) to properly reproduce the complicated coastlines and channel networks. In addition, these studies 113 

typically utilized idealized (e.g., synthetic) hurricanes that artificially modify the hurricane parameters such 114 

as track, forward speed, intensity and wind field to analyze their impacts on storm surge. Although the 115 

research based on idealized hurricanes can provide various insights on the role of the drivers in determining 116 

storm surge, it is hard to validate their experiment results with observed data because modified hurricane 117 

parameters do not refer to any specific historical case. 118 

In addition to hurricane-induced local forcing such as wind and atmospheric pressure, the variation 119 

in coastal sea level along the southeastern U.S. coast can also be affected by remote forcing such as Coastal 120 

Trapped Waves (CTW) along the shelf and the Gulf Stream (GS). Morey et al. (2006) reported that local 121 

forcing in downscaling model is not solely responsible for storm surge on the coast during Hurricane Dennis. 122 

The remote hurricane forcing, such as barotropic shelf waves, generate a high sea level anomaly along the 123 

coast of West Florida which is amplified by the hurricane winds up to 1 m. Eliot and Pattiaratchi (2010) 124 

documented the remote effects of continental shelf waves generated by tropical cyclones along the western 125 

side of Australia giving rise to time delayed sea level response. In addition to different kind of CTW, along 126 

the East US continental shelf slope, the GS western boundary current has been shown to be dynamically 127 

linked to coastal sea level anomalies in the area (Park and Sweet, 2015; Ezer et al., 2013). Recent studies 128 

have reported that the variation in water level is also strongly related to a change in ocean circulation during 129 

Hurricanes Matthew and Dorian (Ezer et al., 2017; Ezer 2020). For instance, the GS decreased by nearly 130 
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half its transport during Hurricane Matthew. This weakening and the relaxation of the large-scale sea-level 131 

gradient showed a high anti-correlation with an increase in sea level along the southeast coast of the United 132 

States (Ezer et al., 2017). Ezer (2020) also reported that a similar weakening of the GS occurred during 133 

Hurricane Dorian, which can cause elevated coastal sea levels. Ye at al. (2020) performed sensitivity 134 

experiment to identify the effect driven by GS on water level in Delaware Bay during Hurricane Irene 135 

(2011). Their simulation results showed that the storm surge was affected by the change in GS during 136 

Hurricane Irene although the effect was not significant. The noticeable effect of the GS on water level 137 

occurred during post-surge adjustment period that lasted more than 2 weeks. However, there was no 138 

application of limited area, downscaling modelling to investigate the effects of remote forcing on water 139 

levels for Matthew and Dorian storm surges.   140 

This study uses a high-resolution nested model (~10m) to investigate the relative role of local vs. 141 

remote drivers on spatial and temporal patterns of storm surge along the southeastern U.S. coast and inland 142 

channel during Hurricanes Matthew (2016) and Dorian (2019). A comparative study of the two hurricanes 143 

can provide a unique opportunity to understand mechanisms of observed storm surge as they show 144 

strikingly different storm surge effects along the southeastern U.S. coast although they share a similar 145 

hurricane intensity and track. For example, the two hurricanes both traveled along the South Atlantic Bight 146 

(SAB) and had a maximum intensity of category 5. However, the maximum storm surge for Hurricane 147 

Matthew was twice as high as that of Dorian along the SAB. Therefore, understanding the role of multiple 148 

drivers of storm surge between Hurricanes Matthew and Dorian can provide fundamental insights on 149 

hurricane-induced storm surges. We conducted a series of experiments to quantify the local versus remote 150 

forcing effects. For the local forcing, (1) wind speed, (2) atmospheric pressure factors are examined while 151 

the CTW and GS are considered factors of the remote forcing.   152 

 The remainder of the paper is structured as follows. Section 2 describes the characteristics of the 153 

two hurricanes and the produced storm surges from observational evidence. Section 3 offers a description 154 

of the numerical model framework and the validation of hurricane Matthew and Dorian induced storm 155 

surges. Section 4 illustrates the sensitivity analysis and section 5 concludes with a discussion. 156 
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 157 

2. Hurricanes Matthew (2016) and Dorian (2019): description and data 158 

Both Hurricanes Matthew and Dorian were major hurricanes, passing along the southeastern U.S. 159 

coast. Hurricane Matthew obtained the name first at 12:00 UTC on September 28, 2016 as the tropical wave 160 

developed into a tropical storm near Barbados. Matthew intensified at 00:00 UTC on September 30, 161 

increasing its maximum wind from 130 km/h to 270 km/h, which made it Category 5 hurricane on the 162 

Saffir-Simpson scale (Stewart, 2017). When the hurricane traveled along the shelf of the SAB, the intensity 163 

significantly weakened to a Category 2 hurricane. After Hurricane Matthew made landfall near 164 

McClellanville, South Carolina, on October 8, the hurricane pulled away from land toward the northeast 165 

until it dissipated on October 10, 2016. The 1-min maximum sustained wind speed and minimum pressure 166 

of Matthew was recorded as 270 km/h and 934 mb, respectively (Stewart, 2017). Almost three years later 167 

on August 19, 2019, Hurricane Dorian formed as a tropical wave in western Africa. Dorian was not labeled 168 

as a major hurricane until right before it hit the U.S. Virgin Islands on August 28, 2019. As the hurricane 169 

traveled northward from the U.S. Virgin Islands, a favorable environment rapidly intensified Dorian into a 170 

Category 2 hurricane on August 30 and then into a Category 5 hurricane on September 1 with 1-min 171 

maximum sustained wind of 295 km/h and minimum pressure of 910 mb (Avila et al., 2019). Dorian made 172 

landfall on Grand Bahama at 02:00 UTC on September 2 and stalled in this area for about a day. During 173 

the landfall period, the hurricane significantly weakened to a Category 2 hurricane. On September 3, Dorian 174 

began to move northward along the warm waters of the GS, making landfall once again in Cape Hatteras, 175 

North Carolina as a Category 2 hurricane until it dissipated on September 10 (Avila et al., 2019). 176 

Figure 1 (a) shows the intensity and tracks of Hurricanes Matthew (square symbols) and Dorian 177 

(triangle symbols) with the locations of the center of the hurricanes every six hours, which is obtained from 178 

the National Hurricane Center (NHC). The intensities of the two hurricanes are colored according to the 179 

Saffir-Simpson scale. The two hurricanes show a similar hurricane intensity of Category 1 to 3 when they 180 

travel along the U.S. southeastern coastline. However, the hurricane-induced damages between Matthew 181 

and Dorian were recorded to be very different. According to reports from the NHC, Hurricane Matthew 182 
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caused approximately $10 billions in damages, whereas the total damage caused by Dorian was estimated 183 

at about $1.6 billions in the United States (Stewart, 2017; Avila et al., 2019). The difference response of 184 

water level to the two hurricanes can explain the dramatic difference in damages between Matthew and 185 

Dorian. To investigate the water level along the U.S. southeastern coast during the two hurricanes, the five 186 

tide gauge stations of the National Oceanic and Atmospheric Administration (NOAA) are selected at 187 

Wilmington, North Carolina (NC), Charleston, South Carolina (SC), Fort Pulaski, Georgia (GA), Mayport, 188 

Florida (FL1) and Trident Pier, Florida (FL2) as shown in Fig. 1 (a). The maximum nontidal residual are 189 

presented in Fig. 1 (b) to compare storm surge effects between Matthew (blue bar) and Dorian (red bar). 190 

The nontidal residuals were calculated by the difference between observed water level and an astronomical 191 

tide prediction from NOAA stations. Note that although a storm surge plays a key role in determining the 192 

nontidal residual during hurricane event, extreme precipitation, river discharge, wave and tide-surge 193 

interaction (TSI) have also influence on the residual (Thomas et al., 2019; Arns et al., 2020; Santiago-194 

Collazo et al., 2019; Idier et al., 2019). All selected stations along the U.S. southeastern coast show higher 195 

peak level of nontidal residual during Matthew than those for Dorian in Fig. 1 (b). In particular, the biggest 196 

storm surge effects for both Matthew and Dorian are observed on GA among the stations. Figure 1 (c) show 197 

the zoom in the area where GA station is located, and the nested limited area model will be implemented 198 

for sensitivity experiments. 199 

 200 
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 201 

Figure 1. (a) The location of NOAA tide gauge stations (black diamond), NOAA submarine cable (yellow 202 

line) and the hurricane track for Matthew (line with square) and Dorian (line with triangle). The locations 203 

of hurricane eyes are indicated every six hours and the hurricane intensity is colored according to the Saffir-204 

Simpson scale. (b) The maximum nontidal residual at the NOAA stations during Matthew (blue bar) and 205 

Dorian (red bar). (c) The targeted area for sensitivity experiments using the limited area numerical model.  206 

 207 

The temporal evolution (6-min interval) of the observed water level (blue line), astronomical tide 208 

prediction (red line) and nontidal residual (green line) for Hurricanes Matthew and Dorian at selected 209 

stations are illustrated in Fig. 2. The tide predictions at the NOAA tide gauges are calculated by harmonic 210 

analysis of multiple years record at each station. Although the tidal ranges during Hurricane Dorian were 211 

higher than those of Matthew along the coast because of spring tides, the higher water levels are observed 212 

during Matthew than those during Dorian due mainly to the nontidal sea level. The extent of the increase 213 

in nontidal sea level was smaller for Dorian with respect to Matthew. The GA station experienced biggest 214 

temporal variation in the nontidal residual among the stations during both hurricane events. Furthermore, 215 
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the nontidal residual show also a tidal periodicity representing the TSI (tidal signal in nontidal residual) for 216 

the two hurricane events. Thomas et al. (2019) reported that the TSI decrease the total water level along the 217 

SAB during rising or high tide while increase in the water level by TSI is observed during a low or falling 218 

tide during Matthew. The TSI widely vary with location along the SAB, showing the magnitude of ~0.1 m 219 

(near coast) to ~1 m (in the estuary). In particular, the effect of TSI was stronger at GA station than the 220 

other stations in Fig. 2, which is similar to analysis of Feng et al. (2016) that show most conspicuous effects 221 

of TSI on water level at GA among the tide gauge stations along the U.S. east coast in the period 1996 to 222 

2014. The TSI is addressed further in section 3.2 and related Fig. 7 and 8. Considering the significant effect 223 

of hurricanes on water level at GA compared to other locations, the coast of North Georgia indicated in Fig. 224 

1 (c) is targeted to analyze the main drivers of storm surge through a comparative study of the two 225 

hurricanes. 226 

 227 

 228 
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Figure 2. Time histories of observed water level (blue line) and astronomical NOAA tide prediction (red 229 

line) above MHHW for Hurricane Matthew (left column) and Dorian (right column) at five tide gauge 230 

stations. The nontidal residual (green line) indicates the difference between the observed water level and 231 

astronomical tide prediction.  232 

 233 

Figure 3 shows the time history of the forcing components during Hurricanes Matthew and Dorian, 234 

representing the dramatic change in wind speed and direction, atmospheric pressure during the hurricane 235 

events at the GA station. The wind speeds for both Hurricanes Matthew and Dorian are similar (±3 m/s) 236 

before peak value with northerly wind (toward south). As the hurricanes are close to Fort Pulaski station, 237 

the wind speeds reach up to 25 m/s for Matthew and 16 m/s for Dorian. The wind directions also change to 238 

northeasterly wind (toward southwest), pushing more water into the inland along the Savannah River. The 239 

atmospheric pressures for Matthew and Dorian decrease to minima of 973 mb and 998 mb, respectively. In 240 

Fig. 3 the Florida Current (FC) transport is shown representing the western boundary current barotropic 241 

transport along the U.S. southeastern coast, feeding the Gulf Stream transport before detachment from the 242 

coasts. This transport can be used as an indicator of the large-scale ocean circulation on the slope (Meinen 243 

et al., 2010). The substantial weakening of the FC transport is observed for both hurricane events, which 244 

has been reported to be anti-correlated with coastal sea level along the southeastern U.S. coast (Ezer et al., 245 

2017; Ezer, 2020). However, a closer look at the time history of the FC indicates that the timing when the 246 

FC begins to decrease is different between Matthew and Dorian as shown in Fig. 3. During Dorian, the FC 247 

decreases sharply by about 6 Sv before the maximum storm surge occurred, whereas the intensity of the FC 248 

during Matthew is almost constant until Matthew passed the Georgia coast.  249 

 250 

 251 
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 252 

Figure 3. The temporal evolution of nontidal residual (1st row), wind (2nd row), and atmospheric pressure 253 

(3rd row) from the NOAA’s Fort Pulaski meteorological station associated with the tide gauge, and the 254 

Florida Current transport (4th row) In Sverudrup (Sv) observed by NOAA’s submarine cable at 27ºN 255 

(indicated by the yellow line in Fig. 1 (a)) for Hurricanes Matthew (left column) and Dorian (right column).  256 

 257 

To better understand the character of the remote ocean forcing in the North Georgia coast during 258 

the passage of hurricanes Matthew and Dorian, we decompose the large-scale Sea Surface Height (SSH) 259 

evolutions into a High Pass Filtered (HPF; < 13 days) and Low Pass Filtered (LPF; > 13 days) component 260 

for Matthew (in Fig. 4) and Dorian (Fig. 5). The snapshots in Fig. 4 and 5 show the temporal evolution of 261 

SSH, Atmospheric Pressure (AP) and Wind Speed and Vector (WSV) around North Georgia. The SSH data 262 

is obtained from Copernicus Marine Environmental Monitoring Service’s (CMEMS) 1/12 of degree global 263 

ocean analysis product while European Centre for Medium-Range Weather Forecasts (ECMWF) analysis 264 

products are used for the atmospheric fields. These are the same products used to drive the limited area 265 

numerical model presented in section 3. The LPF SSHs show the slow evolving circulation, which by 266 

definition barely changes during the passage of Matthew and Dorian. In contrast, the responses of HPF SSH 267 
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clearly show the spatial extent of the oceanic response to the hurricane tracks. The HPF SSH anomalies 268 

occur along the coastal boundary at the scale of the entire SAB with higher than usual SSH on the north 269 

edge of the hurricanes eye and with lower than SSH on the southern edge. The high SSH enters the North 270 

Georgia domain prior to the maximum storm surge. This signal is clearly connected to Coastal Trapped 271 

Waves (CTW) that propagate along the SAB (Hughes et al., 2019). In particular, previous studies reported 272 

that hurricanes travelling parallel to the coast (e.g., Matthew and Dorian in this case) typically cause most 273 

significant signal compared to different hurricane tracks as the shelf waves can be superposed on local 274 

forcing-induced storm surge (Eliot and Pattiaratchi, 2010). We refer to CTW as a remote forcing factor 275 

together with the GS changes because they affect the water level through the open ocean boundary of the 276 

model. In addition to SSH, the variations in temperature, salinity and velocity on the open boundary can 277 

have influence on the coastal water level in the form of baroclinic effect during the hurricane events. 278 

Therefore, the change in remote forcing is closely linked to the large-scale coastal-wide oceanic response 279 

to the hurricane passage.  280 

 281 

282 

Figure 4. The instantaneous fields during Hurricane Matthew. Each column from left to right correspond 283 
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to Sea Surface Hight (SSH), low-pass-filtered (LPF) SSH, high-pass-filtered (HPF) SSH, atmosphere 284 

pressure (AP), wind speed and vector (WSV). 285 

 286 

Figure 5. Same with Fig. 4 but for Hurricane Dorian. 287 

 288 

These study of the local and remote forcing conditions during the two hurricane events (Fig. 3, Fig. 289 

4 and 5) already highlights important differences in the temporal evolution of the local and remote forcing 290 

between Hurricanes Matthew and Dorian. In the case of Matthew, for example, we find stronger local 291 

forcing (e.g., wind and atmospheric pressure) than for Dorian. However, the observations and the large-292 

scale model analysis do not allow a precise understanding of the role and contribution of the local and 293 

remote forcing in generating storm surge. Therefore, sensitivity experiments using a numerical model are 294 

performed to investigate the effect of different drivers on the storm surge.  295 

 296 

 297 

 298 

 299 
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3. Numerical model set up  300 

3.1 Model description 301 

SHYFEM is a 3-D fully baroclinic finite element model that solves the Navier-Stokes equations 302 

with hydrostatic and Boussinesq approximations (Umgiesser et al., 2004; Federico et al., 2017; Ferrarin et 303 

al., 2018). The unstructured grid is Arakawa B with triangular meshes, which is tailored for high-resolution 304 

coastal modelling implementations, exploiting its efficiency at handling complex coastlines. Furthermore, 305 

the model uses open lateral boundary conditions that smoothly connect the nested area to large-scale and 306 

remote processes, fostering the exchange between the different scales. Scalars are computed at grid nodes, 307 

whereas velocity vectors are calculated at the center of each element. Vertically a z-layer discretization is 308 

applied and the dynamical variables are averaged over the layers. The vertical discretization in this system 309 

has 18 levels. The horizontal resolution ranges from 1 km (open ocean) to 10 m (inland), allowing an 310 

accurate representation of the complex coastlines and channel networks as presented in Fig. 5. The 1/3 arc-311 

second resolution digital elevation models (DEMs) of NOAA are utilized for the model bathymetry. A 312 

Total Variation Diminishing (TVD) scheme is applied for horizontal and vertical advection in the transport 313 

and diffusion equation for scalars. Horizontal advection of momentum is discretized by an upwind scheme 314 

and horizontal eddy viscosity is computed by the Smagorinsky (1963) formulation. For the computation of 315 

vertical viscosities and diffusivities, a k–𝜀 turbulence scheme is used, adapted from the General Ocean 316 

Turbulence Model (GOTM) model described by Burchard and Peterson (1999). At the surface, the air–sea 317 

heat flux is parameterized by bulk formulas described by Pettenuzzo et al. (2010), while the surface stress 318 

is computed with the wind drag coefficient according to Hellerman and Rosenstein (1983). Further details 319 

on model and parameterizations can be found in Federico et al. (2017).  320 

The initial and lateral open boundary conditions are interpolated from the CMEMS global ocean 321 

analysis products that have horizontal resolutions of 1/12 degrees. Daily-mean fields of temperature, 322 

velocity and salinity are imposed as initial and lateral open boundary fields. To consider the dramatic and 323 

rapid change in the sea levels during a hurricane event, the hourly-mean SSH field from CMEMS analyses 324 
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is imposed at the lateral open boundary. This SSH is merged with tidal astronomical elevations at the open 325 

boundaries using eight dominant tidal constituents: M2, S2, N2, K2, K1, O1, P1 and Q1 from the Oregon State 326 

University Tidal Prediction Soft (OTPS) model (Egbert and Erofeeva, 2002). The surface forcing is derived 327 

from the ECMWF analysis products with 1/8 degree horizontal resolution and 6 hours of frequency. The 328 

ECMWF product provides information about the atmospheric fields including air temperature, dew point 329 

temperature, total cloud cover, precipitation, mean sea level atmospheric pressure and 10 m wind velocities. 330 

The Matthew and Dorian storm surge simulations are produced by initializing the model four days before 331 

the day of highest storm surge, which leads to stable kinetic energy ratios between the currents in the nested 332 

domain and the coarse resolution initial condition fields. 333 

 334 

Figure 6. (a) The bathymetry and grid system of SHYFEM in the area of interest, which extend from the 335 

open shelf to the inland of Georgia. The inland channel networks include the main rivers such as the 336 

Savannah Rivers and Ogeechee Rivers. Red boxes indicate specific regions including: (b) the Tybee Island 337 

and (c) the Sapelo Island with the locations of observations to compare with model results. The red dots 338 

indicate four observational stations: three water level stations from USGS and the NOAA tide gauge at Fort 339 

Pulaski.  340 

 341 
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3.2 Model validation 342 

Detailed comparison of water level between model and NOAA tide gauge data are performed at 343 

Fort Pulaski in terms of Total Water Level (TWL), Astronomical Tide Level (ATL), nontidal residual and 344 

Tide-Surge Interaction (TSI). The limited area model, producing the TWL simulation, includes all forcings 345 

such as surface forcing and open boundary condition from ECMWF, CMEMS and OTPS. The ATL 346 

simulation includes instead only tidal components of OTPS on the open boundary. The nontidal residual is 347 

difference between TWL and ATL. The storm surge component, denoted by SS, is simulated by the model 348 

configured as in the TWL case but without tidal signals at the lateral boundaries. The resulting TSI is 349 

calculated by subtracting the TSL and SS from TWL. The subscript ‘mdl’ will indicate all these quantities 350 

from the limited area model while the subscript ‘NOAA’ will indicate the same quantities obtained from 351 

NOAA tide gauge station. 352 

The TWLmdl and ATLmdl during Hurricane Matthew are shown in Fig. 7 (a), compared with the 353 

NOAA tide gauge quantities at Fort Pulaski. The root-mean-square error (RMSE) is utilized to quantify the 354 

agreement between observed and simulated water level: 355 

RMSE=#!
"
∑ (𝑜# − 𝑠#)$"
#%!  356 

where N, 𝑜# and 𝑠# indicate the number of samples, observation and simulation values, respectively. An 357 

ideal value of zero for RMSE means perfect agreement between observed and simulated water level. The 358 

RMSEs for TWL and ATL are presented above Fig. 7 (a). The errors are presented for TWLmdl (red line) 359 

and ATLmdl (blue line) in Fig. 7 (b). During the period of peak TWLmdl (T1) and the following high water 360 

peak (T2) for Matthew, the model underestimates the TWL by as much as 0.5 m. In contrast, during the 361 

period prior to the hurricane arrival (October 05, 2016 to October 08, 2016) the model overestimates the 362 

water level by up to 0.4 m. The error in the ATL during Matthew shows oscillation behavior with amplitude 363 

of 0.3 m over time as indicated by blue line in Fig. 7 (b). One source of the error in the ATL is that the 364 

model considers only 8 harmonic constituents from OTPS in contrast to the NOAA station at Fort Pulaski, 365 

which utilizes 37 harmonic constituents based on the long-term record. These factors would cause different 366 
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amplitudes of tide between model and NOAA.  In addition, exclusion of wave, and hydrological drivers 367 

(e.g., precipitation and river discharge) in this simulation would cause the difference between TWLmdl and 368 

TWLNOAA. Nevertheless, the model still shows a good agreement with observation compared to other model 369 

results by Thomas et al. (2019) that include wave effect on the water level during Matthew. The nontidal 370 

residual derived from NOAA data, which is blue line in Fig. 7 (c), clearly show that linear subtraction of 371 

ATLNOAA from TWLNOAA cannot remove the tidal signal, indicating the effect of TSI on the residual. Feng 372 

et al. (2016) reported that the effect of TSI on water level is most prominent in the Georgia coast along the 373 

U.S. east coast. Therefore, the capability of model to capture the TSI effect is important in this region to 374 

properly reproduce the hurricane-induced extreme water level. These fluctuations caused by TSI are also 375 

evident in the model, which is dashed red line in Fig. 7 (c), when ATLNOAA is subtracted from TWLmdl, 376 

showing similar oscillation amplitude with that of NOAA. The difference between TWLmdl and ATLmdl also 377 

show oscillatory behavior although the oscillation amplitude is smaller than that of NOAA as indicated by 378 

red line in Fig. 7 (c). We attribute the different behaviors of modelled nontidal residuals, red line and dashed 379 

red line in Fig. 7 (c), to different ATL between model and NOAA. The Storm Surge (SSmdl) that dynamically 380 

remove the ATL in the model does not show the oscillation behavior as indicated by the green line in Fig. 381 

7 (c). Therefore, TSI can be quantified in the model by subtracting the ATLmdl and SSmdl from TWLmdl. This 382 

difference, which is a measure of the nonlinear interaction between tides and surge, shows some oscillatory 383 

behavior with amplitude (~0.15 m) in Fig. 7 (d), which lasts for about one day. 384 

 385 



 19 

 386 

Figure 7. (a) The comparisons of TWL (relative to NAVD88) and ATL between model (red line) and 387 

NOAA tide gauge (blue line) at Fort Pulaski during Matthew. (b) The errors of TWL (red line) and ATL 388 

(blue line) between model and NOAA tide gauge. (c) The time histories of nontidal residual for model (red 389 

line) and NOAA (blue line), difference between modeled TWLmdl and ATLNOAA (red-dashed line) and 390 

modeled storm surge (SSmdl; green line). (d) The evolution of Tide-Surge Interaction (TSI) over time. The 391 

root-mean-square of errors (RMSE) for TWL and ATL are indicated above panel (a). 392 

 393 

In case of Dorian, the model also captures well the TWL and ATL in Fig. 8 (a), showing the RMSEs 394 

of 0.21 m and 0.19 m for TWL and ATL, respectively. The error of ATL is up to 0.3 m while the highest 395 

error of TWL reaches up to 0.5 m during the period of T1 in Fig. 8 (b). Similar to Matthew case, it is clear 396 

that the TSI affect the nontidal residual in model and NOAA data during Dorian as shown in Fig. 8 (c). The 397 

temporal evolution of TSI in Fig. 8 (d) show the noticeable influence (~0.19 amplitude) during Dorian event 398 

compared to Matthew. The maximum values of TSI during Matthew and Dorian are similar with those of 399 

Arns et al. (2020) that statistically analyze the TSI using long-term (at least 30 years) records. These 400 

comparisons indicate that the model used in this study can reproduce well not only tide and storm surge but 401 

also the TSI in terms of their magnitude and temporal evolution.  402 

 403 
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 404 

Figure 8. Same with Fig. 7 but for Hurricane Dorian. 405 

 406 

The modelled water level using the high-resolution model also show high accuracy in the inland 407 

by comparison of water level with USGS stations in Fig. 9. The model results are evaluated at upstream of 408 

Savannah (USGS 0219897993 and USGS 021989715) and inland side of Sapelo Island (USGS 022035975) 409 

where the locations are indicated in Fig. 6. The comparison results between model and USGS data show 410 

that the evolutions of inland water level during Matthew and Dorian are reproduced well. Although RMSEs 411 

increase as moving further inland, along the river, the low RMSEs between model and USGS observations 412 

makes the model results useful to investigate the dynamic of inland waters. Within these model errors, we 413 

will examine the relative role of local and remote forcing in spatial and temporal evolution of storm surge 414 

during Hurricanes Matthew and Dorian. 415 

 416 
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 417 

Figure 9. The comparison of TWL (relative to NAVD88) between model (red line) and USGS observation 418 

(blue line) during Hurricanes Matthew (left column) and Dorian (right column) at different locations 419 

indicated in Fig. 6. 420 

 421 

4. Sensitivity experiments 422 

 A total of ten sensitivity experiments were conducted to examine the relative role of different 423 

forcing components in storm surge during Hurricanes Matthew and Dorian. The simulation period of all 424 

experiments is 8 days, including spin-up. In Table 1, the simulation for Matthew is carried out from the 4th 425 

to the 12th of October in 2016 and denoted as MT, while the time period for Dorian starts on the 1st and 426 

ends on the 9th of September in 2019 and it is referred to as DR. As these periods cover extreme water level 427 

changes, the experiments help us evaluate the sensitivity of storm surge to local and remote forcing for 428 

Hurricanes Matthew and Dorian. The “base simulations” are the same as described in the previous section 429 

but without tidal forcing at the lateral boundaries to consider only storm surge without tide and TSI. The 430 

base simulations (BS) are compared with other sensitivity experiments and named as MT-BS and DR-BS 431 

for Matthew and Dorian, respectively. Based on the MT-BS and DR-BS, particular parameters are 432 

controlled in other experiments, while other configurations remain the same as that of BS.  433 

 434 
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Table 1. Sensitivity experiments main characteristics. MT=Matthew, DR=Dorian, LF=Local Forcing, 435 

RF=Remote Forcing, BS=Base Simulation, WS=Wind Stress, AP=Atmospheric Pressure 436 

Group index Experiment 
name Description Simulation 

period 

Base cases 
MT-BS Storm surge simulation for Matthew  Matthew 

DR-BS Storm surge simulation for Dorian  Dorian 

Group A 

MT-LF Same as MT-BS but lateral open boundary forcing variability 
is excluded Matthew 

MT-RF Same as MT-BS but local surface forcing is excluded Matthew 

DR-LF Same as DR-BS but lateral open boundary forcing variability 
is excluded Dorian 

DR-RF Same as DR-BS but local surface forcing is excluded Dorian 

Group B 

MT-WS Same as MT-LF but the impact of atmospheric pressure is 
excluded Matthew 

MT-AP Same as MT-LF but the impact of wind stress is excluded Matthew 

DR-WS Same as DR-LF but the impact of atmospheric pressure is 
excluded Dorian 

DR-AP Same as DR-LF but the impact of wind stress is excluded Dorian 
 437 

Table 1 summarizes the sensitivity experiments conducted in this study. Since the main drivers 438 

during hurricane events are subdivided into Local Forcing (LF) and Remote Forcing (RF) in this study, the 439 

relative roles of LF and RF in generating storm surge are investigated by sensitivity experiments of Group 440 

A. The LF consists of Wind Speed (WS) and Atmospheric Pressure (AP) at a surface, whereas the RF can 441 

represent the adjustment of ocean state to hurricane forcing in the form of velocity, salinity, temperature 442 

and non-tidal sea-level fluctuation on an open boundary. For the cases of MT-LF and DR-LF in Group A, 443 

the nontidal sea-level fluctuations are specified as zero at the open boundary. The velocity, salinity and 444 

temperature are fixed to their initial values to exclude the impact of the RF variability entering through the 445 

open boundaries. For RF experiments (e.g., MT-RF and DR-RF in Group A), the wind speeds are set to 446 

zero and atmospheric pressure is kept to a standard atmospheric pressure (1,013 mb) over nested model 447 

domain while the open boundary conditions vary with hurricane activity. The experiments of Group B 448 

compare the influences between WS and AP on storm surge to identify the relative role of them in 449 
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generating storm surge. As the WS and AP belong to LF, experiments of Group B are based on the 450 

configuration of LF cases (MT-LF and DR-LF) that restrict the impact of RF. In the case of MT-WS and 451 

DR-WS, the standard atmospheric pressure is imposed on a surface during the simulation period to ignore 452 

the variation in AP by hurricanes, allowing only the impact of WS on storm surge. For MT-AP and DR-453 

AP, the wind stress remains zero to observe how atmospheric pressure affects storm surge, while other 454 

parameters remain the same as those of the LF cases.  455 

 456 

4.1 Local and remote forcing 457 

In order to investigate the role of LF and RF in storm surge over time, the time histories of the 458 

storm surge for BS and Group A are compared at Fort Pulaski in Fig. 10. The residual (magenta line) in 459 

Fig. 10 is calculated by subtracting the sum of LF- and RF-induced storm surge from that of the BS, which 460 

quantifies an interaction between LF and RF. As the residual in Fig. 10 is close to zero over time at Fort 461 

Pulaski, we argue that the interaction between LF- and RF-induced storm surge is negligible. The LF- and 462 

RF-induced storm surge for both hurricane events show similar behavior over time. The RF-induced storm 463 

surges (blue line) for Matthew and Dorian always show higher level than those induced by LF (red line) in 464 

Fig. 10, indicating important role of RF (e.g., CTW and GS) in generating the storm surge for BS (black 465 

line). As hurricanes approach Fort Pulaski, the LF and RF begin to increase storm surge and reach the peak 466 

value within one day. At peak value, the storm surge level by RF is higher than that of LF by nearly 0.66 467 

m for Matthew and 0.33 m for Dorian. After peak, the LF-induced storm surge for both Hurricanes Matthew 468 

and Dorian decreased to negative anomalies when the hurricane moved north and the wind shifts from 469 

onshoreward ahead of the storm to offshoreward in the back of the storm. Although RF also decrease the 470 

water level after the peak level, the RF maintain positive anomalies of storm surge over time, which 471 

interfere with some degree of the negative storm surge of LF. After Hurricanes Matthew and Dorian pass 472 

the North Georgia, the LF-induced storm surge close to zero as hurricane-induced atmospheric fields 473 

disappear. On the other hand, the RF increase the water level again by ~0.75 m for Matthew and ~0.3 m for 474 

Dorian, representing the post-hurricane effect of RF driven by the ocean adjustment. In conclusion, the 475 
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dominant role of RF is identified in the evolution of storm surge over all time including before and after 476 

the hurricane events, while the LF mainly contribute to storm surge when Matthew and Dorian close to 477 

targeted area (e.g., Fort Pulaski here). The sign of storm surge by LF depends on wind characteristics while 478 

the RF keeps positive storm surge over time at Fort Pulaski.  479 

 480 

 481 

Figure 10. Temporal variation in storm surge obtained from BS (black line), LF (red line) and RF (blue 482 

line) experiments at Fort Pulaski during Hurricanes Matthew (top) and Dorian (bottom). The residual 483 

(magenta line) means the difference between storm surge of BS and summation of LF- and RF-induced 484 

storm surge. The red and blue dotted lines indicate the arrival timing of peak surge caused by LF and RF, 485 

respectively. 486 

 487 

The major differences between Matthew and Dorian are observed in terms of magnitude, duration 488 

and arrival time of peak storm surge induced by LF and RF. As one of reasons for the different storm surge 489 

responses between Matthew and Dorian, the LF and RF of Matthew result in higher peak storm surge than 490 
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those of Dorian at Fort Pulaski, showing a difference of 0.46 m in LF-induce peak and 0.79 m in RF-491 

induced peak between Matthew and Dorian. However, the high storm surge effect for Dorian remains longer 492 

compared to that of Matthew because Dorian traveled slower than Matthew did, which can have more time 493 

to converge water into the coast. The arrival times of peak surge for LF and RF also show a noticeable 494 

difference between Matthew and Dorian as represented with dotted lines in Fig. 10. The peak surge 495 

associated with the LF and RF almost occur simultaneously (e.g., two-hour difference) during Hurricane 496 

Matthew compared to those of Dorian that show about a fourteen-hour difference in arrival time between 497 

LF- and RF-induced peak surge. Interestingly, the variability of arrival time of maximum storm surge for 498 

LF and RF can affect the peak timing and level of total storm surge. Figure 11 shows the profile of storm 499 

surge if the arrival times of peak surge in LF and RF are aligned during Matthew and Dorian. In this case, 500 

the profiles of RF-induced storm surge are shifted to match the peak timing of LF as indicated by blue 501 

dashed line in Fig. 11. The profile of total storm surge changed by the shifted surge (green line in Fig. 11) 502 

is the superposition of LF- and shifted RF-induced storm surge. By aligning the timing of peak surges, the 503 

maximum total storm surges for Matthew and Dorian increase to about 12.6 % and 14.8 %, respectively as 504 

shown in Fig. 11. In addition, the black and green dotted lines in Fig. 11 indicate that the increased storm 505 

surges occur one hour earlier for Matthew and five hours earlier for Dorian. 506 

 507 

 508 
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 509 

Figure 11. The comparison of the total storm surge profile (solid black line) with the reconstructed storm 510 

surge (green line) by the changed storm surge profile of RF. The RF-induced storm surge profile (dashed 511 

blue line) is shifted to match the timing of peak surge of the LF-induced storm surge (red line). The black 512 

and green dotted lines indicate the arrival timing of peak surge for BS and reconstruction, respectively. 513 

 514 

Spatial patterns of peak surge induced by the LF and RF over the model domain are presented with 515 

those of total storm surge (MT-BS and DR-BS) for Matthew in Fig. 12 (a-c) and for Dorian in Fig. 12 (e-516 

g). Note that the open boundary condition of LF simulations seems to restrict the evolution of water level 517 

around the open boundary as sea-level is imposed to be null on the open boundary. However, as the total 518 

storm surge at the coast is reproduced well by superposition of LF- and RF-induced storm surge, as shown 519 

in Fig. 10, it is considered that the artificial forcing induced by the open boundary condition of LF does not 520 

reach the coast and inland. We analyze, therefore, the 2-D field of peak surge mainly on the coast and inland 521 

in this section. Even if the Matthew and Dorian exhibit similar hurricane tracks and intensities, we can 522 

identify clear differences in the spatial structures of LF and RF. The LF shows a cross-shore gradient of 523 
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peak storm surge with lower peak levels on the coast and higher peak levels in the inland for both hurricanes. 524 

In particular, the high peak surges induced by LF are concentered on certain region, showing peak level of 525 

~ 1 m along the Savannah river during Matthew and ~0.5 m around both the Sapelo Island and city of 526 

Savannah during Dorian as presented in Fig. 12 (b) and (f). On the other hand, RF drives an alongshore 527 

gradient patterns of peak surge with opposite signs between Matthew and Dorian. RF during Matthew cause 528 

higher peak surge in the north region and lower peak value in the south region, and vice versa during Dorian 529 

as shown in Fig. 12 (c) and (g). The spatial pattern of peak storm surge by LR and RF during Matthew and 530 

Dorian determine the regions where the highest peak values of total storm surges (MT-BS and DR-BS) in 531 

Fig. 12 (a) and (e) occur.  532 

The change in maximum surge when the peak surge caused by LF and RF co-occur are presented 533 

in Fig. 12 (d) for Matthew and (h) for Dorian. To calculate the change, the possible maximum storm surge 534 

is considered as superposition of LF- and RF-induced peak surges, assuming the aligned peak timing by LF 535 

and RF. The biggest change in peak level occur in the inland, showing the increases of ~30 % for Matthew 536 

and ~50 % for Dorian. This implies that the variability of peak timing caused by LF and RF have significant 537 

influence on the inland water level compared to those along the coast. The spatial difference in peak storm 538 

surges between Matthew and Dorian are listed in Fig. 12 (i-k) according to BS, LF and RF experiments. 539 

The LF of Matthew causes higher storm surges than those of Dorian along the coast and the river branches, 540 

which amounts to a ~0.6 m difference on the Savannah river as shown in Fig. 12 (j). The RF effects on peak 541 

storm surge during Matthew and Dorian are relatively similar on the south region of the domain, showing 542 

only ~0.3 m difference, compared to north region where the difference increases to ~0.9 m as presented in 543 

Fig. 12 (k). As the stronger LF and RF of Matthew are concentrated to the north, especially around 544 

Savannah, the biggest differences in storm surge between Matthew and Dorian occur around Tybee Island 545 

and along the Savannah River in Fig. 12 (i), which reaches up to a nearly 1.4 m difference. In contrast, the 546 

range of difference in peak storm surge between Matthew and Dorian is from 0.4 m to 0.6 m in south region 547 

of the model domain. The different spatial patterns of the peak surge also imply that the effect of LF and 548 
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RF on storm surge highly vary with location despite of localized study area, which can be properly captured 549 

by high-resolution model. 550 

 551 

 552 
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Figure 12. Maximum storm surge obtained from BS (a and e), LF (b and f) and RF (c and g) experiments 553 

for Matthew (first row) and Dorian (second row). The change in peak surge by aligned peak timings of LF 554 

and RF are illustrated in (d) and (h) for Matthew and Dorian, respectively. The differences in peak surge 555 

between Matthew and Dorian are presented with regard to BS (i), LF (j) and RF (k) experiments.  556 

 557 

4.2 Wind stress and atmospheric pressure 558 

The snapshots of local Wind Speed (WS)- and Atmospheric Pressure (AP)-induced storm surges 559 

are illustrated in Fig. 13 to show the spatial influence of WS and AP on the storm surge during Matthew 560 

and Dorian. The instantaneous fields in Fig. 13 are rendered based on three time slots corresponding to two 561 

days before the event day, the event day, and two days after the event day. The event day indicates the time 562 

when maximum storm surge occurs at Fort Pulaski during Matthew and Dorian. On the event day, the WS 563 

results in a dramatic increase in storm surge up to ~1 m for Matthew and ~0.5 m for Dorian as shown in 564 

Fig. 13 (b) and (h). In addition to the different magnitudes of peak surges, spatial patterns of storm surge 565 

caused by WS are generally different between Matthew and Dorian. The higher storm surges during 566 

Matthew are concentrated in the north region of the model domain, especially around the city of Savannah, 567 

while the high storm surge for Dorian occurs around both the Sapelo Island and Savannah. Although the 568 

AP also causes an increase in storm surge of up to ~0.1 m for Matthew and ~0.05 m for Dorian, the locations 569 

where AP-induced storm surge sharply increases on the event day compared to those of two days before 570 

are different with those of WS-induced storm surge. For instance, the increased storm surge by AP during 571 

Matthew (MT-AP) is observed to spread to the open ocean and south more than those of WS-induced storm 572 

surges as compared between Fig. 13 (b) and (e). During Dorian the increase in storm surge by WS (DR-573 

WS) occur around the Savannah and the Sapelo Island as presented in Fig. 10 (h), while the AP of Dorian 574 

(DR-AP) causes mainly an increase in the surge along the coast in the south region, especially around the 575 

Sapelo Island as shown in Fig. 13 (k). These high-resolution maps show that WS and AP both affect storm 576 

surge but differently construct the pattern of the surge. However, the magnitude of AP-induced storm surge 577 

is much smaller than that of WS-induced surge, indicating that the storm surge due to AP on the event day 578 
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accounts for less than 12% of those induced by WS during both Matthew and Dorian. Consequently, it is 579 

clear that WS play a dominant role in LF-induced storm surge.  580 

 581 

Figure 13. The instantaneous field of storm surge obtained from WS (first row) and AP (second row) 582 

experiments for Hurricanes Matthew (a-f) and Dorian (g-l). Columns correspond to: two days before the 583 

storm surge event (first and fourth columns); the storm surge event (second and fifth columns); and two 584 

days after the storm surge event (third and sixth columns). The storm surge event here is defined as the time 585 

when the peak surge occurs at Fort Pulaski. Note the different color scale for Matthew and Dorian. 586 

   587 

The time histories of storm surge caused by WS and AP are compared with LF-induced storm surge at 588 

Fort Pulaski during Matthew and Dorian in Fig. 14. The profiles of storm surge caused by WS and LF 589 

almost overlap each other for both Matthew and Dorian, whereas AP-induced storm surge does not show 590 

such similarity with LF-induced storm surge, which again implies the dominant role of WS in LF. 591 

Consequently, we attribute the different LF-induced storm surge between Matthew and Dorian to stronger 592 

WS of Matthew although both WS and AP of Matthew both result in a higher storm surge than those of 593 

Dorian. 594 

 595 
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 596 

 597 

 598 

Figure 14. Temporal variation in storm surge obtained from LF (black circle), WS (red) and AP (blue) 599 

experiments at Fort Pulaski during Hurricanes Matthew (top) and Dorian (bottom).  600 

 601 

5. Conclusions 602 

This study reveals the roles of LF (e.g., localized wind and atmospheric pressure) and RF (e.g., 603 

CTW and GS) in generating storm surge and the factors that result in different storm surge responses 604 

between two hurricanes that shared similar tracks and intensities. A numerical model, SHYFEM, with high-605 

resolution (~10 m) is utilized to reproduce the storm surge and to investigate its sensitivity in relation to the 606 

main storm surge drivers that are known to be correlated to the dynamics of the coastal sea levels. The 607 

accuracy and reliability of the model is assessed by the comparison with NOAA tide gauge and USGS 608 
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water level stations from coast to inland; the reproduced water levels during Matthew and Dorian are 609 

properly captured by the model with an RMSE of 0.22 to 0.32 m depending on location. 610 

The high-resolution maps show that peak storm surges during Matthew and Dorian highly vary 611 

with location along the North Georgia coast, showing the range of storm surge from 1 m to 2.2 m during 612 

Matthew and from 0.6 m to 1.2 m during Dorian. This indicates that high-resolution models are needed to 613 

properly simulate the spatial variations in extreme water levels. In addition, even if Hurricanes Matthew 614 

and Dorian have similar tracks and intensities, the locations in both space and time where peak storm surge 615 

occurs are different between the two hurricanes. The LF and RF for Matthew mainly generate high peak 616 

surge on northern region of model domain whereas southern region has relatively high level of LF- and RF-617 

induced storm surge during Dorian. The temporal evolution of storm surges by LF and RF indicates the 618 

dominant role of RF in generating storm surge during both hurricane events compared to LF. In particular, 619 

after hurricane pass the targeted area, the water levels rebound up to 0.75m for Matthew and 0.3 m for 620 

Dorian due to persistent effect of RF. These simulation results clearly show the importance of properly 621 

capturing the RF through the lateral boundary conditions of the downscaling model. Interestingly, this study 622 

reveals that the arrival times of peak surge induced by LF and RF can vary with the hurricane, which can 623 

have significant influence on the along the inland river. For example, if locally and remotely driven peak 624 

storm surge were simultaneous, the maximum level would increase by up to 30% for Matthew and by 50% 625 

for Dorian. We attribute different role of local and remote forcing between Matthew and Dorian to different 626 

distance of hurricane eye to targeted area, different ocean adjustments (e.g., shelf wave and large-scale 627 

ocean circulation) to the hurricanes and different hurricane forward speeds. To quantify the contributions 628 

of the factors into local and remote forcing, further experiments will be required. In a subsequent study, we 629 

will focus on the mechanisms of local and remote forcing by simulating a larger number of historical events. 630 

In addition, we confirm the dominant role of wind stress forcing in LF-induced storm surge through 631 

a comparison between storm surges induced by wind and barometric pressure. Specifically, both wind stress 632 

and atmospheric pressure generate storm surge during the hurricane, although they drive different patterns 633 

and magnitudes of storm surge. However, as the magnitude of the AP-induced storm surge is much smaller 634 
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than that of the WS-induced surge, the WS alone can represent the most impact of LF. Based on these 635 

analyses, we attribute the difference in the storm surge effect between Matthew and Dorian on the Georgia 636 

coast to the stronger WS and RF during Hurricane Matthew. Furthermore, the similar peak surge timings 637 

of LF and RF can contribute to a higher peak surge during Matthew compared to Dorian, which has a 638 

fourteen-hour difference in the arrival time of the peak surge between LF- and RF-induced storm surge. 639 

This finding has important implications for improved and optimized storm surge predictions and highlights 640 

the important role of resolving the impact of multiple drivers, their timing and spatial footprint, which can 641 

be diverse and alter the ultimate impacts of storm surges and coastal flooding.  642 

Finally, while this study explored predominantly the role of LF and RF on sea level change during 643 

Hurricanes Mathew and Dorian, we recognize that the compounded effect associated with additional drivers 644 

such as extreme precipitation and river discharge become important in the inland areas that are surrounded 645 

by marshes and wetlands. Future investigation with the SHYFEM modeling platform that focus on the 646 

inland areas, where there is a rising number of observational data from hyper-local sensing network 647 

provided by Smart Sea Level Sensor (SSLS) will include the effects of land-hydrology and precipitation 648 

forcing. 649 
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https://resources.marine.copernicus.eu/?option=com_csw&task=results. The ECMWF product can be 662 

downloaded from https://www.ecmwf.int/en/forecasts/datasets/catalogue-ecmwf-real-time-products. The 663 

sensor data of SSLS can be available from http://bit.ly/cema-portal. The SHYFEM model hindcast and 664 

forecast data can be available through http://savannah.cmcc-opa.eu, while the data archive of the sensitivity 665 

experiments can be requested by e-mail to corresponding author.  666 
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