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Abstract 54 

To help produce accurate and consistent maritime hazard products, the National Tsunami Hazard 55 
Mitigation Program organized a benchmarking workshop to evaluate the numerical modeling of 56 
tsunami currents. Thirteen teams of international researchers, using a set of tsunami models 57 
currently utilized for hazard mitigation studies, presented results for a series of benchmarking 58 
problems; these results are summarized in this paper.  Comparisons focus on physical situations 59 
where the currents are shear and separation driven, and are thus de-coupled from the incident 60 
tsunami waveform.  In general, we find that models of increasing physical complexity provide 61 
better accuracy, and that low-order three-dimensional models are superior to high-order two-62 
dimensional models.  Inside separation zones and in areas strongly affected by eddies, the 63 
magnitude of both model-data errors and inter-model differences can be the same as the magnitude 64 
of the mean flow. Thus, we make arguments for the need of an ensemble modeling approach for 65 
areas affected by large-scale turbulent eddies, where deterministic simulation may be misleading.  66 
As a result of the analyses presented herein, we expect that tsunami modelers now have a better 67 
awareness of their ability to accurately capture the physics of tsunami currents, and therefore a 68 
better understanding of how to use these simulation tools for hazard assessment and mitigation 69 
efforts.  70 
 71 
  72 
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Introduction 73 

On March 9 and 10, 2015 in Portland, Oregon, the National Tsunami Hazard Mitigation Program 74 
(NTHMP) organized a benchmarking workshop to evaluate the numerical modeling of tsunami 75 
currents. Five different benchmarking datasets were organized, two of which will be discussed in 76 
detail in this paper. These datasets were selected based on characteristics such as: 1) geometric 77 
complexity; 2) currents that are shear/separation driven (and thus are de-coupled from the incident 78 
wave forcing); 3) tidal coupling; and 4) interaction with the built environment. Information about 79 
all of these benchmark problems can be found at the workshop 80 
website: http://coastal.usc.edu/currents_workshop/.  81 
 82 
While tsunami simulation models have been well validated against wave height and runup (e.g. 83 
Synolakis et al., 2008), comparisons with speed data are much less common (e.g. Lynett et al., 84 
2012). As model results are increasingly being used to estimate or indicate damage to coastal 85 
infrastructure (e.g. Yeh et al., 2005; Lynett et al., 2014; Chock, 2016; Chock et al., 2016; 86 
Tokimatsu et al., 2016), understanding the accuracy and precision of speed predictions becomes 87 
important.  In the context of this paper, which focuses on coastal (not overland) currents, 88 
predictions of flow speed are integral for the estimation of forces on vessels (Okal et al., 2006; 89 
Suppasri et al., 2013), impacts at harbor structures such as floating docks (Keen et al., 2017), and 90 
prediction of sediment, boulder, and debris transport (Sugawara et al., 2014).  Furthermore, as the 91 
structure under consideration exists (or will exist) at a unique location, the engineer or planner 92 
must have confidence that the tsunami speed prediction at that specific location is accurate.  Thus, 93 
the tsunami community is left with the formidable challenge of providing a local speed prediction 94 
that should be accurate and precise enough to base a structural design on; yet, we know from 95 
observations of historical and recent tsunamis (e.g. Borrero et al., 2015 provides a review of events 96 
in harbors) that tsunami flow can be highly chaotic.  It is a primary goal of this paper to present an 97 
assessment of accuracy and precision in simulating tsunami-induced currents using the state-of-98 
the-art numerical models. 99 
 100 
In this paper, we summarize the major results of the community modeling exercise.  First, two of 101 
the five benchmark problems will be described in detail; these two problems will be the focus here.  102 
Next, information about the thirteen numerical models which simulated the benchmark problems 103 
is provided.  Following this background, an extensive statistical analysis of the model-data and 104 
inter-model comparisons is presented, and conclusions and recommendations for future work are 105 
given  106 

Overview of Benchmark Problems  107 

Benchmark Problem #1 (BM#1): Steady Flow over Submerged Obstacle  108 
This benchmark is based on work by Lloyd and Stansby (1997a,b) (L&S). While there are many 109 
controlled experimental datasets looking at the wake behind a cylinder, there are very few that 110 
examine the wake behind a sloping obstacle in the context of shallow water flow.  While L&S 111 
performed a wide range of different island configurations, here we focus only on one where the 112 
obstacle (the island) was entirely submerged initially and throughout the experiment. Since the 113 
obstacle remains submerged at all times, the wake is physically generated through a spatially 114 
variable bottom stress (i.e. gradients in bottom friction). The aim of this benchmark is to test a 115 

http://coastal.usc.edu/currents_workshop/
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model’s ability to generate a separation region and the resulting oscillatory wake, for an idealized 116 
and simplified case. 117 

 118 
Test case SB4_02 in the Lloyd and Stansby Part II (1997b) paper is used.  Steady upstream flow 119 
enters a long and shallow tank with the obstacle placed roughly in the mid position of the flume; 120 
see Figure 1 for a plan-view layout of the experimental tank. The steady upstream discharge 121 
(depth-averaged) velocity is 𝑈𝑈 = 0.115 𝑚𝑚/𝑠𝑠, water depth is ℎ = 0.054 𝑚𝑚, the Reynolds number 122 
of the mean flow is 𝑅𝑅𝑒𝑒 = 6210, and the Froude number of the mean flow is 𝐹𝐹𝐹𝐹 = 0.16.  A conical 123 
island is placed on a flat bottom. The side slopes of the conical island are ~8 degrees, and the ratio 124 
of the water depth to the island height (ℎ ℎ𝑖𝑖  ⁄ in the L&S paper) = 1.10. The height of the island is 125 
0.049 m and the diameter at the base of the island is 0.75 m.  Using the island diameter at mid-126 
height as the characteristic length scale relevant to shedding (following L&S), the Strouhal number 127 
for this wake is 0.33.  128 

 129 

 130 
Figure 1: Summary of numerical and experimental data from BM#1: a) is a dye visualization from the 131 
experiment (modified from L&S); b) shows the PIV-extracted surface velocity field from the experiment 132 
(modified from L&S); c) shows a numerical simulation including scalar dye transport to visualize the vortex 133 
street; and d) shows the experimental data at the two time series locations.  In plots a), b) and c), the two time 134 
series locations are shown by the numbers.  135 

 136 
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For this benchmark, the horizontal components of velocity at two different locations behind the 137 
island are compared. Data comparison locations are shown in Fig. 1; Point (1) is located along the 138 
centerline of the tank, 1.02 m behind the center of the island, and Point (2) is located at the same 139 
x-location as Point (1), but 0.27 m offset in the positive cross-tank (y) direction. The time series 140 
data is provided in Figure 1d), where U1 and V1 are the x- and y-components, respectively, of 141 
velocity at location (1) and U2 and V2 are the x- and y- components at location (2).  There are 142 
clear oscillations in the velocity signal related to the vortex shedding, and the magnitude of these 143 
oscillations are, as expected, on the order of the mean flow speed.   Also note that the individual 144 
oscillations vary, as no shedding event is the same as the previous one.  145 
 146 
Modelers were asked to provide results for at least three different numerical configurations: 147 
 148 

1. Simulation result with dissipation sub-models included, using the roughness information 149 
included in the L&S paper to best determine the friction factor. In the L&S paper, the 150 
friction factor is estimated to be 0.006 (as a dimensionless pipe-flow-like drag coefficient) 151 
or a Manning’s n value of 0.01 s/m1/3. If a Re-dependent friction factor formulation was 152 
used in a model, then a roughness height, 𝑘𝑘𝑠𝑠, of ~1.5e-6 m is recommended. 153 

2. Simulation result with optimized agreement based on tuning of dissipation model 154 
coefficients (e.g. friction factor). Note that this simulation could be skipped if the modelers 155 
did not wish to optimize their comparisons based on agreement with the experimental time 156 
series data. 157 

3. Simulation result with all dissipation sub-models not included (e.g. a physically inviscid 158 
simulation). The purpose of this test is to understand the relative importance of numerical 159 
vs physical (as approximated by the governing equations used in each numerical model) 160 
effects on vorticity generation and dissipation for this class of comparison. 161 

 162 

Benchmark Problem #2 (BM#2): Tsunami Currents in Hilo Harbor  163 
This benchmark is based on a field dataset from the velocity data recorded in Hilo Harbor, Hawaii, 164 
resulting from the 2011 Tohoku tsunami. The aim of this benchmark is to understand the 165 
importance of model resolution and numerics on the prediction of tsunami currents. While 166 
modelers will aim to achieve the best agreement with the measured data, this is not the primary 167 
goal of this exercise. Some of the questions that this benchmark attempts to address include: 168 
 169 

1. What level of accuracy and precision can we expect from a model with regard to modeling 170 
currents on complex bathymetry? 171 

2. Will a model converge with respect to speed predictions and model resolution? 172 
3. What is the variation across hydrodynamic different models (e.g. hydrostatic vs non-173 

hydrostatic), using the same wave forcing, resolution, and bottom friction (or approximate 174 
equivalent when using different bottom stress models) ? 175 

 176 
To attempt to most clearly answer these questions, this field case will be somewhat idealized, or 177 
reduced in complexity, to give the modeling results the best chance of an "apples-to-apples" 178 
comparison. For this benchmark, free surface elevation (from tide stations) and velocity 179 
information (from Acoustic Doppler Current Profiler (ADCPs)) are compared. Data for this 180 
benchmark test is discussed in detail in Arcos and LeVeque (2014) and Cheung et al. (2013). 181 
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 182 
Figure 2 shows a plot of the bathymetry from Hilo Harbor, Hawaii. The data is provided in [lat, 183 
long] on a 1/3 arcsec grid, taken from the NOAA NCEI Tsunami DEM database. Note that shown 184 
on this figure are also the simulation “control point” (white dot; upper-most dot in the figure), the 185 
two ADCP locations (black dots) and the tidal station (yellow dot; lower-most dot in the figure).  186 
As mentioned above, this problem has been "reduced" in an attempt to isolate differences in the 187 
employed incident wave forcing. For the bathymetry data, this "reduction" manifests as a flattening 188 
of the bathymetry at a depth of 30 meters; in the offshore portion of the bathymetry grid, there are 189 
no depths greater than 30 m. 190 

 191 

 192 
Figure 2: Bathymetry data from Hilo Harbor, Hawaii. Shown on this figure are the simulation control point 193 
(white dot), the two ADCP locations (black dots) and the tidal station (yellow dot). 194 

 195 
For the incident wave, modelers were asked to drive their simulations with an offshore simulated 196 
free surface elevation time series from Cheung et al. (2013) (at the "control point"). Modelers were 197 
permitted to force their simulations in whichever way was convenient (e.g. through upper grid 198 
boundary, or with an internal source generator in the northern part of the domain), but should check 199 
with their modeled time series to ensure that they are generating the proper offshore wave 200 
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condition at the control point. Note that the above simplification will lead to a physical mismatch 201 
between the simulated and actual data; as the incident wave will vary spatially (albeit weakly) as 202 
it approaches the harbor.  Again, the primary purpose here is inter-model evaluation.  203 
 204 
The first comparison made by each modeler was for the water surface elevation at the tide station.  205 
Modelers shifted the simulated and recorded data such that the leading numerical wave arrives at 206 
the proper time, and this same time shift was used in the velocity comparisons. The ADCPs are 207 
named by NOAA as: 208 
 209 

• HA1125, Harbor Entrance (referred to as HA25 hereafter) 210 
• HA1126, Inside Harbor (referred to as HA26 hereafter) 211 

 212 
Modelers were requested to provide results for at least three different numerical configurations: 213 

 214 
1. Simulation result at ~20 m resolution (2/3 arcsec, de-sample the input bathymetry), using 215 

a Manning’s n coefficient of 0.025 s/m1/3  216 
2. Simulation result at ~10 m (1/3 arcsec) resolution using a Manning’s n coefficient of 0.025 217 

s/m1/3 218 
3. Simulation result at ~5 m resolution (1/6 arcsec; use bi-linear interpolation), using a 219 

Manning’s n coefficient of 0.025 s/m1/3  220 
Many of the numerical models tested here employed regular Cartesian grids for these simulations, 221 
and thus the targeted resolution is straightforward to enforce.  For models that use irregular 222 
gridding (e.g. finite elements), modelers were requested to utilize meshes with nodal distances no 223 
less than the target resolutions.  224 

Overview of Models Tested 225 
Table 1 presents a list of models that performed the benchmarking tests discussed in the previous 226 
section.  These models are generally those that are in use for tsunami hazard mapping purposes 227 
internationally, although there is a strong concentration of models that have been developed in the 228 
USA.  As this model set represents those that are used for mapping, the most common type of 229 
model found is of the depth-averaged or depth-integrated variety, as such models are practically 230 
applicable for the large domains (global scale to km2-scale) necessary for tsunami inundation 231 
studies.  The depth-integrated models fall into two classes: those solving the non-dispersive 232 
Nonlinear Shallow Water (NSW) equations and those solving the weakly dispersive Boussinesq-233 
type equations.  In addition to the depth-integrated models, in our group of 13 models we have 234 
three models that permit arbitrary flow variability in the vertical.  Summary details of each model, 235 
such as equations solved and numerical accuracy, can also be found in Table 1.   Brief descriptions 236 
and relevant references for each of the models are given here: 237 
 238 

1) ALASKA GI’-T: The ALASKA GI'-T model stems from the TUNAMI model by Imamura 239 
(1995), which solves the NSW equations with a Leap-Frog numerical scheme. The primary 240 
modification in the ALASKA GI'-T model is the method used for the wetting/drying 241 
(Nicolsky et al., 2011). Currently, the ALASKA GI'-T model is used to predict propagation 242 
and runup of hypothetical tsunamis along the Alaska shore (Suleimani et al., 2013). The 243 
model is open source and freely distributable. 244 
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2) NAMI DANCE: The NSW equations with a bottom friction term are solved using the 245 
Leap-Frog numerical scheme (Imamura, 1989; Shuto et al., 1990).  The model takes an 246 
input tsunami source from either a defined rupture, pre-determined wave form, or time 247 
history of water surface fluctuation at a grid boundary and computes propagation, coastal 248 
amplification, and inundation (e.g. Sozdinler et al., 2015, Dilmen et al., 2015). Complied 249 
executables for the model are freely distributable, but the source code is proprietary. 250 

3) MOST: The MOST model has been developed over several decades with multiple co-251 
authors (for a review see Titov et al., 2016, and references herein). The MOST model 252 
provides solutions to the NSW equations, including generation, propagation and inundation 253 
onto dry land (e.g. Wei et al., 2008; Gica et al., 2008). The model uses an explicit scheme 254 
to discretize the NSW equations, using an algorithm based on the method of fractional 255 
steps (Yanenko, 1971; Durran, 1999). Complied executables for the model are freely 256 
distributable, but the source code is proprietary. 257 

4) Cliffs: Cliffs is an open-source relative of MOST described immediately above. This 258 
algorithm solves the fully nonlinear SWE by applying dimensional splitting to reduce the 259 
original 2-D problem to two sequential 1-D problems, and solves each 1-D problem in a 260 
characteristics form using an explicit finite-difference scheme. The primary difference 261 
between Cliffs and MOST is the method of tracking the land-water interface (Tolkova, 262 
2014; Tolkova, 2016). Cliffs operates in Cartesian or spherical coordinates, in 2D and 1D 263 
configurations, allows unlimited one-way nesting and a variety of forcing options. The 264 
model is open source and freely distributable. 265 

5) GEOCLAW: The open source GeoClaw software has been actively developed at the 266 
University of Washington and by collaborators elsewhere for over 10 years, starting with 267 
the work of George (2008) and George & LeVeque (2006). GeoClaw solves the NSW 268 
equations using a high-resolution shock-capturing finite volume method based on solving 269 
Riemann problems at cell interfaces and applying second-order correction terms with 270 
limiters to avoid non-physical oscillations near discontinuities.  The spatial gridding 271 
scheme utilizes automatic mesh refinement (AMR).  These general methods are described 272 
in detail in LeVeque (2002).  The model is open source and freely distributable. 273 

6) GEOCLAW-AECOM:  GEOCLAW-AECOM is a modification of the GEOCLAW 274 
software described immediately above.  The model equations and solution scheme are 275 
unchanged, with the exception that the “AECOM” version uses a constant set of nested 276 
grids for spatial refinement, while the original GEOCLAW uses AMR. The code is 277 
currently used for the development of probabilistic tsunami inundation maps for the State 278 
of California. The model is open source and freely distributable. 279 

7) Tsunami-HySEA: Tsunami-HySEA solves the two-dimensional NSW system using a 280 
high-order (second and third order) path-conservative finite volume method.  The code has 281 
the option of using a number of reconstruction operators and flux-limiters. Tsunami-282 
HySEA has been employed for many tsunami prediction cases, and can include the effects 283 
of complex bathymetry and overland flow (e.g. Castro et al., 2005; Macías et al., 2015). 284 
The model is open source and freely distributable. 285 

8) pCOULWAVE: pCOULWAVE solves the weakly-dispersive, rotational, and turbulent 286 
Boussinesq-type equations of Kim et al. (2009) using a high-order finite volume method. 287 
In terms of the dissipation mechanisms, bottom friction is included through a standard drag 288 
law, subgrid horizontal mixing is captured through a simple Smagorinsky closure, and 289 
vertical mixing is coarsely modeled following Elder (1959).  A turbulence backscatter 290 
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model is employed in the model, allowing for the initiation of large-scale coherent features 291 
and a reverse-energy cascade (Kim and Lynett, 2011). The model is open source and freely 292 
distributable. 293 

9) FUNWAVE-TVD: FUNWAVE-TVD is the present stage of evolution of a depth-294 
integrated, fully nonlinear Boussinesq model originally proposed in Wei et al. (1995).  The 295 
model was extensively rewritten in 2012 using a hybrid finite volume/finite difference 296 
TVD scheme in order to take advantage of the stability properties and shock-capturing 297 
capabilities of the approach, and to utilize Riemann solvers to improve wetting-drying 298 
processes during inundation.  The work described here uses a version of the code developed 299 
for a Cartesian coordinate system, described by Shi et al. (2012) and employed in, for 300 
example, Grilli et al. (2015).  The model is open source and freely distributable. 301 

10) BOSZ: The BOSZ model is a tool for the computation of hazardous free surface flow 302 
problems ranging from near-field tsunamis to extreme swell waves such as those generated 303 
by hurricanes (Roeber and Cheung, 2012; Roeber and Bricker, 2015).  The code solves a 304 
set of equations similar to those of Wei et al. (1995), using a finite-volume technique with 305 
a shock-capturing scheme involving a Riemann solver.   The code allows for computations 306 
over irregular terrain with adaptive wet/dry mapping.  The model source code can be 307 
obtained upon request from the developers. 308 

11) NEOWAVE: NEOWAVE builds on the NSW equations with a vertical velocity term to 309 
account for weakly-dispersive waves and a momentum conservation scheme to describe 310 
flow discontinuities (Yamazaki et al., 2011).  The vertical velocity term also facilitates 311 
modeling of tsunami generation from kinematic seafloor deformation. Conceptually, the 312 
code can use an arbitrary number of vertical levels to resolve vertical kinematics (Bai and 313 
Cheung, 2013), although in the simulations presented in this paper, only a single level is 314 
used. The staggered finite difference model can accommodate multiple sets of two-way 315 
nested grids with increasing resolution from the open ocean to the coast. The model source 316 
code can be obtained upon request from the developers.  317 

12) TSUNAMI3D: TSUNAMI3D is a 3D Navier-Stokes (NS) solver based on a computational 318 
fluid dynamics (CFD) model originally developed at Los Alamos National Laboratory 319 
(LANL) during the 1970s (Hirt and Nichols, 1981). It solves transient fluid flow with free 320 
surface boundaries based on the fractional volume of fluid (VOF) method using an Eulerian 321 
mesh of rectangular cells. The code has been validated against standard inundation 322 
benchmarks (Horrillo et al., 2014) and has been applied for landslide tsunami simulation 323 
(e.g. Horrillo et al., 2013).  The model is open source and freely distributable. 324 

13) SCHISM:  SCHISM (Semi-implicit Cross-scale Hydroscience Integrated System Model; 325 
Zhang et al, 2016) is a derivative product of SELFE (Semi-implicit Eulerian-Lagrangian 326 
Finite Elements; Zhang and Baptista, 2008) and is a general purpose model for geophysical 327 
fluid dynamics utilizing unstructured grids (e.g. Zhang et al. 2011). SCHISM solves 3D 328 
Reynolds-averaged Navier-Stokes equations in either hydrostatic or non-hydrostatic form 329 
using a hybrid Galerkin Finite-Element Method together with an Eulerian-Lagrangian 330 
Method. The model is open source and freely distributable. 331 

 332 
We note that all of the model results discussed in this paper were submitted at the same time, with 333 
no post-submission modification or optimization.  Furthermore, while the benchmark data was not 334 
provided to the modelers, both of the datasets will we discuss in this paper had been previously 335 
published, and thus was available beforehand.  The comparisons were not blind comparisons.  336 
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Table 1. Summary of models that used for the benchmark tests. 337 
 338 

  339 
 Note that in the “Numerical Approach” column, FD= Finite Difference, FV=Finite Volume, FE=Finite Element 340 

 341 

Model # Model Name
Equations Solved 

[Spatial Dimensions]
Class

Numerical 
Approach

Numerical Treatment of 
Convection Terms

Numerical Accuracy 
of Other Gradient 

Terms

Numerical Treatment 
of Time Integration

1 ALASKA GI'-T 
 Nonlinear Shallow 

Water [2D]
I FD Upwind (1st-order accurate)

Centered (2nd-order 
accurate)

Semi-implicit (1st-
order accurate)

2 NAMI DANCE 
 Nonlinear Shallow 

Water [2D]
I FD Upwind (1st-order accurate)

Centered (2nd-order 
accurate)

Explicit (2nd-order 
accurate)

3 MOST
 Nonlinear Shallow 

Water [2D]
I FD Centered (2nd-order accurate)

Centered (2nd-order 
accurate)

Explicit (1st-order 
accurate)

4 Cliffs
 Nonlinear Shallow 

Water [2D]
I FD Centered (2nd-order accurate)

Centered (2nd-order 
accurate)

Explicit (1st-order 
accurate)

5 GeoClaw 
 Nonlinear Shallow 

Water [2D]
I FV Limiter-based (1st-order near 

shocks, 2nd-order when smooth)
Centered (2nd-order 

accurate)
Explicit (2nd-order 

accurate)

6
GeoClaw -

AECOM
 Nonlinear Shallow 

Water [2D]
I FV Limiter-based (1st-order near 

shocks, 2nd-order when smooth)
Centered (2nd-order 

accurate)
Explicit (2nd-order 

accurate)

7 Tsunami-HySEA 
 Nonlinear Shallow 

Water [2D]
I FV Limiter-based (2nd-order near 

shocks, 3rd-order when smooth)
Centered (2nd-order 

accurate)
Explicit (3rd-order 

accurate)

8 pCOULWAVE
Highly Nonlinear 

Boussinesq-type [2D]
II FV Limiter-based (2nd-order near 

shocks, 4th-order when smooth)
Centered (4th-order 

accurate)
Semi-implicit (4th-

order accurate)

9 FUNWAVE-TVD 
Highly Nonlinear 

Boussinesq-type [2D]
II FV / FD

Limiter-based (2nd-order near 
shocks, 5th-order when smooth)

Centered (4th-order 
accurate)

Explicit (3rd-order 
accurate)

10 BOSZ
Weakly Nonlinear 

Boussinesq-type [2D]
II FV / FD Limiter-based (2nd-order near 

shocks, 5th-order when smooth)
Centered (2nd-order 

accurate)
Explicit (4th-order 

accurate)

11 NEOWAVE
One-Layer, Non-
Hydrostatic [2D]

III FD
Upwind (1st-order near shocks, 

2nd-order when smooth)
Centered (2nd-order 

accurate)
Semi-implicit (2nd-

order accurate)

12 TSUNAMI3D Navier-Stokes [3D] III FD Upwind (1st-order accurate)
Centered (2nd-order 

accurate)
Explicit (2nd-order 

accurate)

13 SCHISM 
Navier-Stokes, 

Hydrostatic [3D]
III FE / FV

Limiter-based (1st-order near 
shocks, 2nd-order when smooth)

Centered (2nd-order 
accurate)

Semi-implicit (2nd-
order accurate)
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Inter-comparison of Model Results 342 

Benchmark Problem #1: Steady Flow over Submerged Obstacle  343 
As mentioned in the background section above, modelers were requested to simulate BM#1 using 344 
a number of different dissipation (bottom friction) models.  The desired outcome from these 345 
simulations is the prediction of a vortex street in the lee of the obstacle, with similar shedding 346 
frequency and eddy strength as observed in the experiments.  It is important to re-iterate that the 347 
obstacle in this problem is entirely submerged during the experiment, and therefore the effects of 348 
moving shorelines and overland flow play no role here.  349 
 350 
In general, simulations with all bottom friction turned off generated a chaotic and irregular vortex 351 
street, with very little resemblance to the experimental results.  This is a reasonable and expected 352 
outcome; the generation of the vortex street and properties of the wake are strongly dependent on 353 
the interplay between bottom stress and the inertia of the flow, and poor description of the bottom 354 
stress should lead to a poor description of the resulting wake. Thus, the focus of discussion here 355 
will be on the numerical results provided with the “optimum” bottom friction coefficient, where 356 
here “optimum” is a subjective term with definition left to the discretion of the modeler. Indeed, it 357 
is expected that different modelers expended different levels of effort to achieve what they 358 
perceived to be the best agreement with the experimental data.  Furthermore, the measures to be 359 
discussed in this section, used to assess model accuracy, were not provided to the modelers prior 360 
to their submission of “optimum” results.  361 
 362 
A summary of the model resolutions and dissipation models used by all the modelers is given in 363 
Table 2. The minimum spatial resolutions found in the results are typically near 1 cm, with values 364 
as high as 2.5 cm.  Clearly, the most common submodel used to approximate bottom stress is the 365 
Manning Equation.  While the recommended Manning’s “n”, as provided in the original 366 
experimental paper, is 0.01 s/m1/3, the majority of modelers found that a larger friction coefficient 367 
was required.  The most common and median “n” value found in the results is 0.015 s/m1/3 and 368 
employed values ranged from 0.01-0.02  s/m1/3.  With the expectation that the strength of numerical 369 
dissipation is proportional to the grid resolution (i.e. the finer the grid, the smaller the numerical 370 
dissipation – of course this is strongly dependent on the numerical scheme), it is possible that, in 371 
a statistical sense, relatively small friction factors might be correlated with relatively coarse grid 372 
sizes.  Put more simply, physical dissipation may play a larger role as numerical dissipation plays 373 
a smaller one.  Looking at the modeling results that used the Manning Equation for bottom friction, 374 
assessment of this potential trend is straightforward.  While there is a correlation between grid size 375 
and Manning’s “n”, it is very weak (R2=0.08).  Thus, when comparing the different modeling 376 
results, variable numerical dissipation due to different grid resolutions is a second-order effect.  377 
 378 
Other than the Manning Equation for bottom friction, four modelers used a quadratic friction law.  379 
Among those four results, three used a constant friction factor and one used a characteristic 380 
roughness height.  When using a roughness height approach, the local friction factor is dependent 381 
on the local Reynolds number, and is therefore both temporally and spatially variable.  For those 382 
using a constant friction factor, values ranged from 0.006-0.012; the recommended friction factor 383 
as provided in the original experimental papers is 0.006.  For the single model that used a 384 
roughness height, friction factors ranged from 0.004-0.012 during the simulation. 385 
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 386 
In addition to dissipation through bottom friction, a few modelers also included dissipation through 387 
various horizontal and vertical eddy viscosity models.   Due to the limited usage of such 388 
approaches within the models tested, and a lack of similar dissipation models used, the sensitivity 389 
and effect of such models will not be addressed here.   In summary, we have a comprehensive set 390 
of numerical models used by the international tsunami community, with various physical and 391 
numerical properties.  Next, we seek to understand how these various properties are related to 392 
model accuracy, and try to identify which of these properties are most relevant to accurate 393 
modeling of complex, tsunami-induced coastal currents.  394 
 395 
  396 
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Table 2. Summary of numerical and physical parameters used for the BM#1 simulations. 397 
 398 

 399 
 400 
 401 

 402 
  403 

Model # Model Name Class
Spatial Grid 

Size (m)
Bottom Stress Model Bottom Stress Parameter

Other Turbulence Closure 
Models Used

1 ALASKA GI'-T I 0.01 Manning Friction Coefficient n=0.012 s/m1/3

2 NAMI DANCE I 0.01 Manning Friction Coefficient n=0.010 s/m1/3

3 MOST I 0.01 Manning Friction Coefficient
on bottom, n=0.010 s/m1/3  

on island, n=0.017 s/m1/3

4 Cliffs I 0.025 Manning Friction Coefficient n=0.015 s/m1/3

5 GeoClaw I variable, from 
0.01-0.076

Manning Friction Coefficient
on bottom, n=0.000 s/m1/3  

on island, n=0.015 s/m1/3

6
GeoClaw -

AECOM
I 0.0076 Manning Friction Coefficient

on bottom, n=0.000 s/m1/3  

on island, n=0.015 s/m1/3

7 Tsunami-HySEA I 0.0152 Quadratic Drag Friction Law CD=0.006

8 pCOULWAVE II 0.015

Roughness height model to 
determine CD based on Moody 

Diagram, Quadratic Drag Friction 
Law

kS=0.015 mm (CD varies from 
0.004 to 0.012 during 

simulation, function of 
Reynolds Number)

Smagorinsky model for 
horizontal mixing,  Elder’s 
model for vertical mixing, 

and backscatter model

9 FUNWAVE-TVD II 0.01 Quadratic Drag Friction Law CD=0.012
10 BOSZ II 0.015 Manning Friction Coefficient n=0.020 s/m1/3

11 NEOWAVE III 0.01 Manning Friction Coefficient n=0.010 s/m1/3

12 TSUNAMI3D III
0.01 in x-y                   
0.0027 in z

No bottom stress sub-model used, 
no-slip boundary condition 

employed, numerically resolved 
boundary shear

Not applicable
kinematic viscosity =                         

1x10-6m2/s 

13 SCHISM III 0.012 Quadratic Drag Friction Law CD=0.006 k-ε turbulence closure 
scheme
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As a reminder, the experimental data used to compare these models consists of horizontal velocity 404 
component time series at two locations; thus there are four separate time series to examine.  To 405 
understand the ability of each model to recreate the experimental data, two primary measures will 406 
be used.  First, the magnitude of the fluctuation of each component will be analyzed.  To calculate 407 
this fluctuation, a zero-crossing technique is employed to first identify each of the individual 408 
oscillations in a de-meaned time series.  For each oscillation, or segment of the time series between 409 
two successive zero-up crossing locations, the total fluctuation (or height) is calculated. Thus, for 410 
each time series, we have a set of fluctuations, and a mean fluctuation and a standard deviation of 411 
the fluctuations is determined.  To interpret these statistical values, the mean fluctuation represents 412 
the “best estimate” from the time series while the standard deviation provides a measure of the 413 
chaotic nature of the flow.   414 
 415 
When performing these calculations on the experimental data, we find that this data has a 416 
significant standard deviation, on the order of 10-20% of the mean fluctuation value.  This implies 417 
that variation in eddy strength during shedding is indeed a physical property of this flow and 418 
bathymetry configuration.  It is expected that these physical variations are due to small 419 
perturbations in the inlet flow profile, irregularities in the bathymetry, and chaotic variations of 420 
turbulence in the shear layers, leading to small asymmetries in these shear layers around the 421 
obstacle, and finally creating relatively large changes in the wake immediately behind the obstacle.  422 
We note this here because the large majority of the models used during this exercise do not include 423 
any perturbations in the inlet flow, bathymetrical profile, or small-scale turbulent fluctuations.  424 
Therefore any standard deviation of fluctuation found in the modeling results, and indeed the initial 425 
development of the vortex street itself, must be driven by numerical errors or gridding 426 
asymmetries. Among the models tested here, there was a wide variation in the time required to 427 
develop a vortex street, and this is likewise due to differences in numerical errors, gridding, and 428 
different turbulence closure approaches.  To overcome this physical disconnect, a model might 429 
introduce random, small bathymetry perturbations, include a backscatter model, or use a 430 
turbulence closure model that requires some initial random seeding of turbulence.  Finally, we 431 
remark that with geophysical scale simulations using measured bathymetry, the natural variability 432 
in bathymetry would likely introduce spatial perturbations in the flow sufficient to initiate vortex 433 
street-like instabilities.  434 
 435 
Figure 3 shows the modeled velocity component fluctuations scaled by the respective experimental 436 
values.  While there are a couple large-error outliers for each velocity component comparison, 437 
most models provide agreement with the experimental mean fluctuations to within 50% for all 438 
components.  On the other hand, few models, less than 1/3 of the group, yield an error of 25% for 439 
each component, and only half of these models are accurate to within 10%.  Also shown in this 440 
figure is the standard deviation of the fluctuations, for both the data (given by the horizontal dashed 441 
lines) and the models (given by the vertical solid lines).  We remark that the standard deviation of 442 
the fluctuation is a measure of how much each eddy varies in its properties as compared to the 443 
other eddies, and thus requires some physical process that creates a perturbation in the shedding. 444 
Looking at the data, it is evident that all velocity components, except the V-component at time 445 
series location#1, exhibit standard deviations of 15% of the mean fluctuation. To interpret the 446 
modeled accuracy of the standard deviation, the vertical range of the modeled deviation (vertical 447 
length of black lines) should be equal to the vertical distance between the data deviations (vertical 448 
distance between the dashed lines).  While it is noted that no specific measure of standard deviation 449 
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accuracy is provided here, it is quite clear that there is little skill in capturing this parameter 450 
amongst the models tested.  However, this is arguably reasonable, as only two of the models 451 
(Model#8 with a backscatter model and Model#13 with a k-ε turbulence closure) contain physics 452 
that might permit prediction of such a statistic.   453 
 454 
To summarize the data presented in Figure 3, the error for each model, averaged across the four 455 
velocity component time series, is shown in Figure 4.  Also shown in this figure is the summary 456 
standard deviation, likewise averaged across the four time series.  In the bottom plot of Figure 4 457 
are shown the same statistical values for the time period of oscillation (i.e. the length of time 458 
between two successive zero-crossings). Clearly, there are models which perform substantially 459 
better than others in the measure for this benchmark, and model accuracy appears to be related to 460 
model complexity, where we consider complexity to be related to both numerical scheme and the 461 
physics included in the model equations.  To this end, three model classes are defined: 462 

• Class I: Models solving the nonlinear shallow water wave equations, with all types of 463 
numerical approaches; the first seven models listed in Table 1: ALASKA GI’-T, NAMI 464 
DANCE, MOST, Cliffs, GeoClaw, GeoClaw-AECOM, and Tsunami-HySEA 465 

• Class II: Models solving a set of weakly dispersive equations using an analytical solution 466 
to the vertical kinematics, with all types of numerical approaches; Models pCOULWAVE, 467 
FUNWAVE-TCD, and BOSZ 468 

• Class III: Models solving a set of equations where the vertical structure of the flow is not 469 
specified a-priori and can be hydrostatic or non-hydrostatic with respect to gravity waves, 470 
with all types of numerical approaches; Models NEOWAVE, TSUNAMI3D, and SCHISM 471 

The average model accuracy in each of these “Classes” will now be examined.  It is emphasized 472 
that the conclusions drawn by comparing these groups of models may not pertain to any individual 473 
model. 474 
 475 
For Class I models tested here, the mean error in predicted fluctuation, averaged across the four 476 
time series, is 41%, and the mean standard deviation of the fluctuations is 13%. Interestingly, the 477 
Class-I-mean standard deviation of the fluctuation is very close to the observed value; however, 478 
none of the models in this group contain the physics to capture this phenomenon, and thus this is 479 
a fortuitous numerical error.  The error in predicted fluctuation in the Class II models is reduced 480 
by 43% as compared to Class I, and therefore there is clearly an accuracy gain when moving from 481 
Class I to Class II for this benchmark, within the tested models.  Moving to the last group, Class 482 
III, there is again a reduction in the error of 22% from Class II and 57% from Class I.  This is an 483 
indication that for this type of problem, models without an a-priori description of the vertical flow 484 
structure (Class III) outperform other models, even those models solved with high-accuracy 485 
numerical schemes (e.g. Class II); low-order three-dimensional models are superior to high-order 486 
two-dimensional models.  However, in the Class-averaged sense, neither Class II nor Class III 487 
yields a reasonable prediction of the standard deviation of the fluctuation.   488 
 489 
Examining the error in the shedding period, shown in the lower plot in Figure 4, similar 490 
conclusions can be drawn.  There is a clear decrease in error when moving from Class I to Class 491 
II models; however Class II and Class III models perform similarly.  Additionally, the errors seen 492 
in this shedding period analysis are considerably less than those in the speed analysis, in the 493 
relative sense. This conclusion would imply that, for this flow and obstacle configuration, the 494 
effect of bottom roughness impacts the strength of the eddies to a greater degree than it impacts 495 
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the shedding frequency. We reiterate that while the above inter-Class comparisons are valid, there 496 
exist individual model violations of these comparisons, where, for example certain Class I models 497 
perform better than Class II or Class III models.  Thus, the conclusions drawn here are meant to 498 
represent the abilities of the tsunami modeling community as a whole, as all of the models used in 499 
the exercise are currently used for operational, planning, and/or research applications.  500 
 501 
 502 
 503 
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 504 
 505 
Figure 3: Data-scaled modeled mean fluctuation (blue dots) and standard deviation of fluctuation (vertical 506 
black lines) for each model for U at location #1 (a), V at location#1 (b), U at location #2 (c), V at location#2 507 
(d).  The red-dashed horizontal lines show the standard deviation in the data.  508 
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 509 
 510 

Figure 4: Error in component-averaged modeled velocity, as a fraction of the experimental value, for the 511 
mean fluctuation (top) and period of oscillation (bottom).  The data is presented in the same format as Figure 512 
3. 513 
 514 
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While using the fluctuation of speed components provides a method to assess a model’s ability to 515 
predict the total range of speed, it does not necessarily assist in the understanding of whether a 516 
model is providing an accurate prediction of the kinetic energy of the flow, which may be more 517 
relevant for estimating hydrodynamic forces.  To this end, we seek a statistical measure 518 
proportional to the square of the velocity.  A time-averaged velocity squared, determined for each 519 
of the four velocity time series components, is calculated and plotted in Figure 5.   What is 520 
immediately obvious from these comparisons is that the relative errors here are considerably larger 521 
than those found in the previous comparison.  At both locations, all models tend to under predict 522 
the square of the U-components and all but two models over-predict the V-components.  Such a 523 
broad and consistent trend in model errors either implies that there is an inconsistency between the 524 
experimental and numerical parameters (e.g. incorrect location or different upstream boundary 525 
conditions) or a fundamental deficiency in the numerical models examined here.   While the former 526 
possibility may be statistically justified (due to the large majority of models showing this strong 527 
bias), the realization that one of the fully-3D models (Model 13) provides an high accuracy 528 
prediction of all four of these component-squared values offers a strong argument to the latter 529 
possibility.  530 
 531 
It is reiterated here that the modeled errors in these quantities for most of the models are large, 532 
with the exception of the U2

2 component, for which most models are within 30% accuracy (all 533 
under-predict).  More than half of the models under-predict U1

2 by 75%, 10 of the 13 models over-534 
predict V1

2 by 100% including three that over-predict by 200%, and 7 of the 13 models over-535 
predict V2

2 by 50%.  The implications of such errors are particularly significant when one 536 
considers on-going attempts to use model results to estimate drag-like loads on marine structures 537 
(Suppasri et al., 2013; Keen et al., 2017).  In these studies, both the magnitude and direction of the 538 
speed is important.  539 
 540 
The average of the velocity-squared errors in the four components is provided in Figure 6 for each 541 
model.  Only two models provide an average error in the component speed squared of less than 542 
50%.  The majority of models have an error between 50% and 100%, and there is a high-error 543 
outlier with an averaged error of 200%.  Clearly, the models included here, with only a couple 544 
exceptions, struggle with this comparison, indicating that great care must be taken when trying to 545 
utilize model results for drag force estimations.  Discussion within the tsunami community is 546 
required in order to justify some level of “required accuracy” in order for a specific model to be 547 
used in structural loading calculations.  For example, setting an accuracy requirement of 100% (or 548 
1.0 in Figure 6) would be inclusive, but a threshold this large and the associated safety-factors (or 549 
similar conservatism) that would be needed to reliably use the model output may regularly lead to 550 
over-design.  On the other hand, specifying an accuracy requirement of 25% might reduce the need 551 
to add large safety factors, but would also imply only one of the tested models is acceptable.  Since 552 
specification of an accuracy requirement based on the number of models that presently met the 553 
requirement is illogical, the tsunami community, with input from other engineers who would use 554 
the output for design of marine structures, should decide on a target accuracy for BM#1 555 
comparisons.   Models should be able to meet this target accuracy, while also demonstrating 556 
numerical convergence with the use of a reasonable bottom friction coefficient. Of course, other 557 
datasets that directly measure the loading of marine structures due to complex tsunami flows 558 
should also be used to validate a model’s ability to provide force predictions; however such 559 
datasets currently do not exist.  560 
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 561 
Figure 5: Data-scaled modeled time-averaged speed squared (blue dots) and the square of the modeled mean 562 
speed (smaller green dots) for each model for U at location #1 (a), V at location#1 (b), U at location #2 (c), V at 563 
location#2 (d).  The red horizontal line in each plot is data line (where, ideally, the blue dots would align), and 564 
the green horizontal dashed line is the square of the experimental mean speed (where, ideally, the green dots 565 
would align). 566 
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 567 
 568 
Figure 6: Error in component-averaged modeled velocity squared, as a fraction of the experimental value. 569 
 570 
 571 

Benchmark Problem #2: Tsunami Currents in Hilo Harbor  572 
As mentioned in the “Overview of Benchmark Problems” section, the primary purpose of BM#2 573 
is to understand inter-model variability for a field-scale configuration. While the instrumentation 574 
observations in Hilo Harbor during the 2011 tsunami make this location unique in its number of 575 
closely located measurements, it is still difficult to use this case as a benchmark for demonstrating 576 
model accuracy.  The reasons for this are two-fold.  First, the ADCP time series data is sampled 577 
every six minutes, and every data point represents a six-minute average of the vertical profile of 578 
the current.  The velocity field under a tsunami, particularly inside a harbor, can change quickly; 579 
studies suggest that a sample rate of a minute is necessary to resolve nearshore currents (e.g. Lynett 580 
et al., 2012) and potentially sub-minute if the flow is affected by eddies.  Thus, there exists 581 
averaging-driven imprecision and possibly significant aliasing in the Hilo ADCP measurements 582 
due to the relatively coarse, discrete sampling; this effect is potentially much more significant, in 583 
a relative sense, than errors found in tide gage data and even runup measurements.  Secondly, and 584 
with the ADCP imprecision in mind, this is a field-data case for which the initial condition and 585 
propagation over half of the Pacific Ocean includes uncertainty and error.  Combining the far-field 586 
uncertainty and relatively large near-field imprecision leads to a situation where quantitative 587 
accuracy measures, as would be needed for a rigorous benchmark, become questionable.  This is 588 
a remarkable statement in light of the fact that Hilo Harbor is, as mentioned, possibly the best 589 
instrumented location for tsunami-induced currents, and therefore implies higher resolution 590 
sampling of nearshore tsunami-induced currents is a great need. 591 
 592 
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The comparisons presented in this section will be divided into two parts: first, analysis of time 593 
series measurements at the tide gage and ADCP locations will be presented, followed by an 594 
examination of the spatial properties of the model output.  Direct inter-model comparisons with 595 
time series data is difficult.  The reason for this is that, typically, after the first few waves, model 596 
differences begin to accumulate, often taking the form of apparent phase errors.  For example, two 597 
models may predict similar wave shapes, but with arrival time differences of minutes.  With 598 
existing data and models, it is generally impossible to operationally predict precise arrival times 599 
of crests after the leading waves, due to model and data errors.  For this reason, the time series 600 
comparisons presented here will focus on the envelope, where the envelope is defined as the line 601 
that connects the individual crests (or troughs) in the measured or modeled time series. Here, for 602 
the tide gage elevation data, a crest is defined as the maximum elevation of a discrete “wave”, 603 
where a wave is defined as the data between two successive zero-up crossings.  604 
 605 
Figure 7 provides a summary of the inter-model and model-data comparisons for the tide gage.  606 
Note that for this and all comparisons in this section, no individual models are directly compared 607 
with the data; only the inter-model means are shown with data.  The top panel of Figure 7 shows 608 
each model-predicted ocean surface elevation time series, as well as the mean envelopes of crest 609 
and trough elevation.  The middle panel again shows these modeled mean envelopes, but also 610 
shows the corresponding values from the tide gage.  Note that there is a gap in the data starting 611 
near 10.3 hours after the earthquake; the gage did not function properly during this time according 612 
to the NOAA data record.  In the lower panel, the inter-model standard deviation and the mean 613 
error in the crest envelope are summarized, as a function of time.  Both are provided in relative 614 
terms, where the model deviation is scaled by the model-mean envelope, and the model error is 615 
scaled by the tide gage envelope.   Examining the trend in inter-model standard deviation, we see 616 
that for the first four wave crests, the standard deviation remains low, shifting between 20-30% of 617 
the mean.  After this time, however, the variation grows and fluctuates between 30-80% for the 618 
remainder of the time series.  Trends in the mean-model error do not exhibit any clear temporal 619 
behavior, and are characterized by large (80%) errors both early and late in the examined time 620 
series.  In a time-averaged sense, both the relative inter-model standard deviation and the mean 621 
model error have similar values of 20% during the first hour of the event, and then grow to 40% 622 
during the next three hours.   These values may represent a precision threshold, and could be used 623 
to interpret potential errors in, for example, real-time model results.  624 
 625 
In the same format as the elevations shown in Figure 7, Figure 8 provides a summary of the 626 
velocity time series comparisons measured at the ADCP locations HA25 (entrance channel) and 627 
HA26 (inside breakwater).  To match the sampling method of the ADCP’s, the numerical time 628 
series are filtered using a 6-minute moving average.  The individual times series from all the 629 
models are given in the top panels in Figure 8, as well as the model-mean envelope from these 630 
results.  From the individual model time series, we see that there is inter-model phase agreement 631 
for the first three or four speed peaks, but after this, phase correlation degrades quickly.  This 632 
observation is in contrast with the modeled elevation time series shown in Figure 7, where inter-633 
model phase correlation persists for the 4.5 hours of time displayed.   The inter-model mean 634 
envelopes are shown in the middle plots with the ADCP envelope, and errors and inter-model 635 
variations are given in the bottom plots.  First, looking at the inter-model variation, it is clear that 636 
this measure has a similar behavior with comparable values at the two locations, starting at a 637 
relatively low 20-30% for the first hour, and then exhibiting a general trend of increase, but with 638 
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values jumping between 20-100%.  Throughout the event, the inter-model standard deviation in 639 
the speed envelope is between 0.1-0.3 m/s; this is an impressively low value in the context of 640 
predicted current speeds, and indicates that an ensemble-based, time-averaged speed envelope may 641 
be a stable statistic.  However, these locations are minimally impacted by eddies in the simulations, 642 
which likely aids the stable inter-model statistics.  643 
 644 
From the model error curves, a counter-intuitive result of large errors at HA25 and relatively small 645 
errors at HA26 is found.  At HA25, there are a number of instances when the model-mean speed 646 
envelope predicts a speed greater than twice the measured value, as seen by model errors of 1.0 or 647 
greater in Figure 8.  At HA26 on the other hand, for much of the compared record, the model error 648 
remains below 50% and is quite comparable to the inter-model variation.  This is somewhat 649 
unexpected as the location of HA26 near to the tip of the harbor breakwater is more likely to be 650 
affected by eddies (to be discussed in more detail later), which should make for a much more 651 
challenging model-data comparison.  However, as mentioned earlier, the model error should not 652 
be considered a significant comparison, due to the imprecision in the velocity data.  We present 653 
the model-data comparisons here primarily to demonstrate the challenges in using existing speed 654 
data for model validation.  655 
 656 
While time series comparisons are useful for understanding how errors and variations evolve 657 
temporally, they do not assist in the understanding of how quickly flow properties change spatially.  658 
To examine spatial variability, we use maximum predicted speed surfaces from each of the 659 
numerical models.  Each surface provides the maximum speed predicted at each grid point 660 
throughout the simulation.  Figure 9a) gives the inter-model mean maximum speed surface; to 661 
create this surface, each of the individual model surfaces is interpolated to the same spatial grid, 662 
and then the mean value at each point is determined from the stack of model surfaces.  The greatest 663 
speeds are found in the area near to the tip of the breakwater, and along the coast where the depths 664 
are shallow; in these areas the model mean speeds are in excess of 4 m/s.   665 
 666 
With the stack of individual model surfaces, the inter-model standard deviation of maximum speed 667 
can also be calculated at each grid point.  These values are shown in Figure 9b).  The largest 668 
standard deviations are also seen near the tip of the breakwater, and are associated with eddies of 669 
different strength taking different paths in the different models. The area affected by eddies is very 670 
clear with this statistic. The maximum deviations in the eddy area are near 2 m/s, and represent 671 
50-150% of the model-mean speed. This inter-model comparison indicates that it is reasonable to 672 
expect large differences between models in areas affected by eddies, and thus velocity predictions 673 
from any single model in such locations must be carefully and conservatively interpreted.  674 
 675 
There are two additional important observations from the speed deviation in Figure 9b).  First, in 676 
areas not affected by eddies, the models show excellent convergence with inter-model standard 677 
deviations less than 0.2 m/s, often representing 10-20% of the mean speed.  Thus, where currents 678 
are coupled with the wave (and not de-coupled in the form of eddies), models converge precisely.  679 
Second, deviations along the immediate shoreline and in areas of inundation are large.  While not 680 
the focus of this study, this observation points out that speed predictions for overland flow, among 681 
the models tested here, are highly divergent.  As model predictions for overland flow speed are 682 
being increasingly used for structural loading calculations, additional study is needed to quantify 683 
errors and variability in inundation velocities.  684 
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 685 
The properties of a modeled eddy (e.g. tangential speed, radial speed gradient) are dependent on 686 
the magnitude of the shear in the eddy generation area, or separation area.  Numerically, this shear 687 
magnitude may be limited by the numerical resolution, as relatively coarse resolutions are unable 688 
to resolve strong velocity gradients.  Thus, there may be a strong connection between the numerical 689 
signature of an eddy and the numerical resolution.  Figures 9c-e) show the relative inter-model 690 
deviations, scaled by the inter-model mean speed, for three different resolutions.  Clearly, the local 691 
speed deviations grow with decreasing grid size.  The reason for this appears to be that, as grid 692 
size decreases, models have a tendency to generate eddies with a larger radial velocity gradient.  693 
A larger radial velocity gradient equates to rapid spatial changes in fluid speed, and increased 694 
sensitivity to the precise path of the eddy.  A troublesome conclusion for modeling follows: in 695 
eddy areas, many models will increasingly diverge with decreasing grid length, at least through 696 
the horizontal resolutions tested here (down to 5 m).  A clear example of how this divergence may 697 
manifest is shown in Figure 10.  This figure provides vertical vorticity snapshots at the same time 698 
from the same numerical model, but using two different resolutions.  The eddies in the finer 699 
resolution snapshot appear smaller with stronger vorticity, in line with the discussion above.  Also, 700 
the large eddy located in the harbor entrance takes two different paths in the two simulations.  In 701 
the 10-m resolution simulation, the eddy passes through the HA25 ADCP location, but in the 5-m 702 
simulation the eddy stays to the south of the ADCP.  This is an example of the trouble with in-situ 703 
point measurements of tsunami currents in areas with eddies, and is another argument for the use 704 
of ensemble means for speed predictions, based on many realizations of potential eddies. 705 
 706 
An alternative to multi-model or multi-realization ensembles is to spatially average the output from 707 
a single model, i.e. attempt to average out the local impact of an eddy. Such an approach would 708 
have the disadvantage of smoothing peak speeds associated with an eddy, but might provide 709 
numerically convergent results with a single model. Figure 11 displays an attempt at spatial 710 
averaging.  Here, we spatially average across two lengthscales: (1) an “eddy scale” which here is 711 
estimated to be 100 m based on simulation output and (2) ten times the “eddy scale” or 1 km.  712 
These averaging areas, delimited by boxes with sides equals to the selected length scales, are 713 
shown in the top plot of Figure 11.  The box-average maximum speed for each of the individual 714 
models are plotted for both box sizes.  For each model, the box-average for the 20-m and 10-m 715 
resolutions are shown, scaled by the box-average from the 5-m resolution result.  Thus, if the 10-716 
m (or 20-m) resolution box-average has numerically converged, it would plot at 1.0 along the 717 
vertical scale.  Clearly, using the “eddy scale” as the averaging lengthscale does not lead to a set 718 
of models that demonstrates convergence at 10-m resolution.  The reason for this is that small-719 
scale averages are sensitive to the precise path of the eddy, which varies among different models 720 
and among different resolutions for the same model. Should for a particular model and a particular 721 
box location the eddy exist in the box at one resolution and not another, an especially poor local 722 
convergence will result. On the contrary, averaging on the large lengthscale, here 1 km, is not 723 
sensitive to variations in eddy’s trajectories, since the larger box encompasses these most or all 724 
trajectories. As a result, we see broad convergence across the tested models at 10-m resolution.  725 
However, averaging model speed predictions over a 1 km2 area, while suitable for demonstrating 726 
a form of individual model convergence, yields output of very limited use for hazard assessment, 727 
where local maximum might govern hazardous conditions and damage potential. 728 
 729 
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Following the analysis above, an ensemble mean of maximum speed is likely to be the a robust 730 
and informative modeling product, with significant and decision-impacting benefits over single 731 
model, deterministic predictions.  The ensemble produced in this paper used many different 732 
models; however it is certainly possible to generate a spectrum of realizations with a single 733 
numerical model using a distribution of perturbations to initial conditions, bathymetry, bottom 734 
roughness, etc.  Some research would be needed to specify an appropriate set of perturbations.  If 735 
an ensemble was available, it is not obvious what the most useful way to present the statistical 736 
information would be.  Certainly, means and deviations could be provided, but this might require 737 
expert-level judgement to use in decision making.  An alternative would be a “threshold map”, an 738 
example of which is shown in Figure 12.  This map provides the “chance” that any location might 739 
experience a maximum current greater than a set threshold (the threshold is 2 m/s in Figure 12).  740 
The “chance” is based on how many of the models in the ensemble predict a speed greater than 741 
the threshold.  The advantage of such a map is that it provides both a speed magnitude and 742 
confidence together, allowing for discussions of hazard informed decisions. 743 
 744 
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 745 
Figure 7: Inter-model variability and error for ocean surface elevation measured at the tide gage location.  746 
Top plot a): Predictions from all models (thin solid lines), inter-model mean crest envelope (thick solid line), 747 
and inter-model mean trough envelope (thick dashed line). Middle plot b): Comparison of inter-model 748 
envelope to measured tide station data envelope; also shown in the time series from the measured data. 749 
Bottom plot c): mean inter-model error (solid line) and intermodal standard deviation (dashed line) for the 750 
crest envelope.751 
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 752 
Figure 8: Inter-model variability and error for ocean current speed measured at the ADPC location HA25 (left column) and HA26 (right column).  Top 753 
row plots a) and b): Predictions from all models (thin solid lines) and inter-model mean speed envelope (thick solid line). Middle row plots c) and d): 754 
Comparison of inter-model envelope to measured ADCP data envelope; also shown in the time series from the measured data. Bottom row plots e) and 755 
f): mean inter-model error (blue line) and intermodal standard deviation (green line) for the speed envelope. 756 
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 757 
Figure 9: Summary of inter-model spatial statistics. Top left a): Inter-model mean of predicted maximum 758 
speed in m/s as taken from the 5-m resolution runs. Bottom left b): Inter-model standard deviation of 759 
predicted maximum speed in m/s as taken from the 5-m resolution runs. Right column: Inter-model standard 760 
deviation of predicted maximum speed scaled by model-mean maximum speed as taken from the 5-m 761 
resolution runs (c), 10-m resolution runs (d), and 20-m resolution runs (e). 762 
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 773 
 774 

Figure 10: Snapshots of vertical vorticity at the same simulation time for the same numerical model, with 10-775 
m resolution (a) and 5-m resolution (b).  Note that the locations of the ADCP’s are shown by the black dots. 776 
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 800 
Figure 11: The effect of spatial-averaging on model convergence, with the top plot (a) indicating the locations 801 
of the “small box” and the “large box” as referenced in the two lower subplots.  The two lower subplots show 802 
the box-averaged maximum speeds for each model at 20- and 10-m resolutions in (b) and (c), scaled by the 803 
box-averaged speed from each model’s 5-m resolution simulation; middle subplot for the small box, and 804 
lower subplot for the large box.  Note that two model results are missing; one due to the use of different 805 
boundary conditions with different resolutions, and the other due to an inability to perform a 5-m resolution 806 
simulation. 807 
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 808 
 809 

 810 
Figure 12: Example of a current-threshold plot, where the color at each location gives the fraction of models 811 
that predicted a maximum current greater than 2 m/s at that particular location.  812 

 813 
 814 

Conclusions 815 
While the datasets used in this benchmarking activity have shortcomings, they do contain the 816 
physical processes relevant to a reasonable prediction of nearshore, tsunami-induced currents.   For 817 
example, BM#1 is a relatively small-scale experiment, with Reynolds numbers below typical 818 
geophysical conditions and uniformity in bathymetry and flow conditions that would not be 819 
expected in the field. However, similar to the solitary wave runup experiments that have become 820 
a validation keystone for inundation models (i.e. Synolakis, 1987), BM#1 represents a canonical 821 
and fundamental test case that models should be able to reproduce.  An ability to simulate bottom-822 
driven spatial velocity shear and the resulting coherent structures created as flow oscillates is 823 
integral for predicting flow complexity in shallow water.  The BM#1 analysis provides a range of 824 
comparisons for flow properties in the wake of an obstacle, and yields an important conclusion 825 
that models without an a-priori description of the vertical flow structure outperform other models, 826 
even those models solved with high-accuracy numerical schemes. 827 
 828 
While the tsunami community would benefit from a re-examination of the BM#1 experiments, 829 
perhaps at a larger scale with state-of-the-art measurement techniques, the existing data represents 830 
an ideal case to compare tsunami models.  There is strong de-coupling of the currents with the 831 
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mean flow, and this de-coupling is driven by bottom shear without the presence of vertical walls 832 
and shorelines, which may be numerically troublesome for depth-averaged models.  What level of 833 
accuracy in BM#1 is “reasonable” would be application-specific.  For example, a model used for 834 
estimating the currents in a harbor for rough planning purposes need not be held to the same 835 
standard as one used to estimate the hydrodynamic loading on a coastal bridge or critical structure. 836 
BM#1 represents a starting point to ensure that speed predictions in complex nearshore flows are 837 
reasonable.  Additional accuracy tests should be added in the future, in both the form of laboratory 838 
and field datasets.  Of primary importance for a field benchmark dataset is high temporal and 839 
spatial resolution, for which existing data is deficient.  Additionally, a separate class of overland 840 
flow focused accuracy benchmarks must be developed.  Indications from this study are that 841 
velocity predictions during inundation exhibit very large inter-model variability.   842 
 843 
Analysis of BM#2 demonstrated the variability of field-scale currents in the presence of eddies.  844 
Model output shows that no single model can provide a converged result in the deterministic sense 845 
in eddy-affected areas, as changes in resolution lead to small changes in boundaries and resolvable 846 
shear, which then leads to large variability in the evolution of eddies and the predicted maximum 847 
currents.  Likewise, the chaotic nature of eddies is physically fundamental, possibly making 848 
during-event interpretation of point measurements (e.g. ADCP) challenging.  The turbulent nature 849 
of flows in separation zones and in areas with coherent eddies leads to inter-model differences that 850 
are similar in magnitude to the mean flow.  The presented analysis leads to a clear argument for 851 
the use of ensemble modeling for currents in areas affected by eddies.   Ensembles can be generated 852 
with multiple models or multiple realizations with a single model.   While ensembles are not 853 
always available or financially practical, the current practice of using single (or a select few) 854 
realizations with a single model must at least be accompanied by careful and conservative expert 855 
interpretation and identification of areas where potential eddies could form and move in the 856 
nearshore region. 857 
 858 
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