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Coastal foredunes provide protec-
tion from elevated water levels 
during storm and high water 

events (e.g. Sallenger 2000). Because 
dunes provide this protective service, 
storm forecasting and tools use dune 
parameters (i.e. height, volume) to pre-
dict storm impact (e.g. Stockdon et al. 
2007). However, these tools often rely 
on dune topography that is not up to 
date because acquiring high-resolution 
topographic data before every potential 
storm is impractical and/or infeasible 
(e.g. cost and logistical difficulties). As 
a result, dune growth between storms is 
often unaccounted for in storm impact 
forecasts, limiting the accuracy of storm 
impact predictions. 

Given that synoptic measurements of 
dune topography are made only periodi-
cally, an alternative approach to predict-
ing dune height at any given time is to 
use quantitative, locally-parameterized 
and tested models to simulate foredune 
growth and recovery. There are several ex-
amples of spatially explicit dune models, 
such as Van Dijk et al. (1999), Durán and 
Moore (2013) and Keijsers et al. (2016). 
Previous work on modeling dune growth 
has focused on 2D shore-perpendicular 
models (Duran and Moore 2013; van 
Dijk et al. 1999) or 3D models with solely 
shore-perpendicular winds (Keijsers et al. 
2016; Goldstein et al. 2017a). The require-
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ABSTRACT
Numerical models of coastal dune growth encode feedbacks and nonlinearities 
between sediment transport and plant growth. The range of processes and tunable 
parameters involved make model calibration an important step when using models 
for prediction. In this paper we outline a method to calibrate models of coastal dune 
formation and describe the process from end to end. The first step is collection of 
both topographic and vegetation data at two time periods with photogrammetry using 
the technique of structure-from-motion. Using the first topographic and vegetation 
capture as the model initial condition, the free parameters in the model are then 
tuned by running the model many times and adjusting the free parameters with a 
genetic algorithm, a machine learning technique. A set of parameters is found that 
produces the lowest prediction error — and in this way the model is calibrated for 
local conditions. We outline this routine, provide an example, and direct the reader 
to the open source software developed as part of the workflow presented here, which 
can be used with other dune models and/or other datasets.
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ment of shore-perpendicular winds is a 
current limitation of coastal dune models 
generally. 

All of these models have free pa-
rameters, especially embedded within 
formulations for sediment transport (e.g. 
proportionality constants) and vegetation 
growth (e.g. vertical growth rate, lateral 
growth rate). Parameter values may be 
set based on observations or heuristics. 
Here we describe an alternative ap-
proach for setting parameter values, in 
which observations are used along with 
a machine learning based procedure to 
automatically determine the appropriate 
parameter values. 

CALIBRATION WORKFLOW
There are three components in the cal-

ibration workflow — spatially extensive 
topographic and vegetation data, Genetic 
Algorithm routine, and a coastal dune 
model. We now discuss each component. 

Topography and vegetation 
— structure-from-motion 

photogrammetry
Our focus here is on the evolution 

of spatially explicit topography and 
vegetation fields of coastal dunes. Given 
that coastal dunes grow from feedbacks 
between vegetation and sediment trans-
port, both a topographic surface and 
a vegetation field are needed for the 

pre- and post- data. Lidar provides a 
means for collecting spatially explicit, 
high-resolution topographic measure-
ments, but extracting dune vegetation 
characteristics from Lidar is nontrivial 
(e.g. Yousefi Lalimi et al. 2017). Further-
more, it is often the case that Lidar data 
collection is opportunistic, most often 
focused on the time period immediately 
before and after a storm event. Rarely are 
Lidar captures timed to explicitly capture 
and quantify dune growth. Furthermore, 
there may be long time intervals between 
captures. Even where lidar has been cap-
tured frequently, the intervals between 
acquisitions are longer than a year — for 
example the Cape Lookout region of 
North Carolina has 12 available datasets 
spanning 1997 to 2016. Though Lidar 
can be used for calibration, we outline 
a technique here using data from the 
structure-from-motion technique, which 
can be obtained quickly and easily with 
inexpensive, off-the-shelf technology, 
allowing collection of topographic data 
as frequently as desired.

Structure-from-Motion Multi-view-
Stereo (SfM) photogrammetry is a tech-
nique whereby many photos of a surface, 
captured from varying perspectives, are 
used to generate an orthophotomosaic 
(a composite of images that preserves 
spatial scales) and a digital surface model 
(e.g. James and Robson 2012, Westoby 
et al. 2012; Fonstad et al. 2013; Bryson 
et al. 2013, Mancini et al. 2013; Scarelli 
et al. 2016; Scarelli et al. 2017). Recent 
work indicates that a kite-based camera 
is able to provide images that are ideally 
suited to the SfM process over coastal 
dunes (Goldstein et al. 2015; Duffy and 
Anderson 2016; Conlin et al. 2018). A 
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Figure 1. Left: Example of structure-from-motion derived orthophotomosaics 
from Fort Fisher, NC, at two time periods. Right: Extracted digital surface 
models of the dashed grid area that are rotated and resamples to be a 1m x 
1m resolution. Lower panel shows the landscape change between captures.

Figure 2. Schematic of a genetic algorithm. An initial population of three 
individuals (yellow, blue, and pink) is evaluated at time T0. Each individual 
consists of four tunable parameters. After the first iteration, the best solution 
persists. A good solution undergoes “crossover” with the best solution. 
The worst solution is removed and replaced by a “mutated” version of the 
“crossover” (mutations in green).

GPS/Global Navigation Satellite System 
(GNSS) survey conducted concurrently 
with the SfM flight provides ground 
control points (sites of known XYZ posi-
tion). At least two flights are needed for 
the workflow discussed here. The first 
capture is used as an initial condition for 
the model. The second capture is used to 
compare with model results. 

We obtain the key data product used in 
the study from the aerial survey and SfM 
photgrammetry — a dense point cloud. 
Using images matched in the multi-view 
stereo algorithm from SfM, a dense 
point cloud is constructed using all the 
photographs. Flying a kite based setup 

at 20-30 m and taking 300-500 images 
yields a dense cloud with 700 points/m2 
(e.g. Goldstein and Ells 2017). If the dense 
cloud is used to make final data products 
at the highest resolution, it is possible to 
construct a digital surface model with 
cm-scale XY pixel size and vertical RMSE 
of 0.04 m; and an orthophotomosaic 
with mm-scale XY resolution (Figure 
1). Instead, we use this dense cloud to 
construct a digital surface model at the 
scale of the coastal dune model grid, 
or 1m x 1m. Model grids are set at this 
scale to be on the order of a single dune 
plant, or grouping of small plants. Prior 
to building the model we also rotate the 

point cloud so that the 1m x 1m model 
grid is aligned with the local shoreline 
(i.e. model gridlines are shore-normal 
and shore-parallel). 

Dense point clouds also record color 
information (red, green, and blue color 
bands in this case). We can use this 
information to construct a red-green-
blue (RGB) grid with the same 1m x 
1m resolution. We use this RGB grid to 
develop an initial vegetation surface. This 
calibration and classification of vegeta-
tion percent cover can also be done via 
ground-truthing with quadrats, using 
small-scale grids or through the use of 
other automated image classification 
techniques (e.g. Nolet et al. 2017; Duffy 
et al. 2018). In this example we have used 
the grayscale value of each pixel and de-
veloped a bespoke calibration curve for 
each capture (i.e. relating grayscale to 
vegetation percent cover). Prior to build-
ing the 1m x 1m vegetation grid, we again 
rotate the point cloud so that the 1m x 1m 
grid is aligned with the shoreline.

Genetic algorithm
From the SfM photogrammetry, we 

can obtain digital surface models and 
a spatial model of the vegetation field. 
Our goal in calibrating the model with 
these data is to provide the initial condi-
tions (topography and vegetation) for the 
model, run the model, and then compare 
the results to a known final condition (the 
second SfM capture). Model results and 
the known final condition can be com-
pared using a specific quantitative error 
metric — i.e. mean squared error, Brier 
skill score, etc. (Sutherland et al. 2004). 

A given combination of specific val-
ues for each parameter produces a spe-
cific model outcome and a specific error 
value when compared to the known final 
condition. Therefore, any set of model 
parameters values are directly related to a 
specific error value (given the caveat that 
the dune models are deterministic). Using 
this relationship, we can look for specific 
parameter values that give the lowest er-
ror by searching. But how do we search 
through all the possible combinations of 
free parameters? Brute force techniques 
work when there are only a few free pa-
rameters, but coastal dune models have 
multiple free parameters. To do this we 
take a machine learning approach and use 
genetic algorithms (GA; Holland 1975; 
Mitchell 1995; 1998), which have been 
used to tune other morphodynamic mod-
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els (Knaapen and Hulscher 2002; 2003; 
Ruessink 2005; Komurcu et al. 2008). 

Genetic algorithms are population-
based machine learning techniques that 
operate on rules based on natural selec-
tion (Figure 2). Imagine there are four 
free parameters embedded within the 
formulations of vegetation growth and 
aeolian sediment transport. We describe 
each combination of unique values of the 
four parameters as an “individual.” Now 
consider a population of such individu-
als (i.e. a population of sets of parameter 
values) — we now run the model for each 
individual, and each individual is now 
associated with an error. With this popu-
lation of individuals, we apply “evolution-
ary” rules — given an initial population, 
the “individuals” with the smallest error 
are kept; the individuals with the most er-
ror are discarded. After each “generation,” 
individuals are created by “reproduction” 
(combining two individuals; mixing and 
matching the parameters) and mutation 
(randomly adjusting the parameters 
of a given individual. Eventually, after 
many generations of keeping, discarding, 
reproducing, and mutating, we are left 
with a set of individuals that are defined 
by parameters that give a low error, a 
solution that we hope is at or near the 
global minima in error possible for the 
given model. The low error solution can 
be considered the calibrated version of 
the model.

Model performance in this paper is 
calculated by comparing model results to 

observations of topography using mean 
squared error, a point-based skill score 
(Sutherland et al. 2004). Displacement 
based skill scores (e.g. Bosboom and 
Reniers 2014) are also present in the code.

A COASTAL DUNE MODEL
We coupled the genetic algorithm 

routine described above to a coastal dune 
model. Any coastal dune model could be 
used, but here we use the Coastal Dune 
Model (CDM) of Durán and Moore 
(2013) (Figure 3), a spatially explicit 
model developed based on previous mod-
els of desert dunes (e.g. Schwämmle and 
Hermann 2003; Durán and Herrmann 
2006; Durán et al. 2010). We summarize 
the basic aspects of the model here. Us-
ing the initial topographic and vegetation 
field, a wind routine is used to calculate 
the shear stress applied to the surface 
(Weng et al. 1991). This shear stress field 
is modified by the presence of vegetation 
(which reduces shear stress) and flow 
separation in the lee of dunes, and is then 
used to calculate aeolian sand flux at all 
points on the model grid. Spatial gradi-
ents in sand flux drive changes in topog-
raphy, subject to constraints on the angle 
of repose for dry sand. Finally vegetation 
changes are then calculated for each grid 
cell of the model — the growth of vegeta-
tion percent cover in each model cell as 
a function of sand accretion/erosion and 
lateral propagation from nearby cells. We 
point the interested reader to the works 
of Durán and Moore (2013), Moore et 
al. (2016a) and Goldstein et al. (2017a) 

for information on the model and basic 
dynamics, the cross-shore dynamics, and 
the alongshore dynamics (respectively).

EXAMPLE
We describe step-by-step, this calibra-

tion routine using the CDM, a genetic al-
gorithm routine, and a published example 
data set from Fort Fisher State Recreation 
Area, NC (Goldstein and Ells 2017; Gold-
stein et al. 2017b; Ells and Pickett 2017). 
After performing the processing, rotating 
and resampling routines, we have the 
grids to use as initial data and final (test-
ing) data for the calibration routine. We 
initialize the genetic algorithm routine 
with a population of 10 individuals and 
run the model for 20 generations. There 
are several tunable parameters in the 
CDM model, including two sensitivity 
terms that control the growth of vegeta-
tion — a term that controls the sensitiv-
ity of plant growth to burial, and a term 
to account for the sensitivity of lateral 
propagation to burial. In addition, there 
are parameters that control the reduc-
tion of shear stress applied to the sand 
surface as a function of vegetation, and 
there are aeolian transport coefficients. 
An example of model tuning with four 
tunable parameters is shown in Figure 4. 
Within several generations of the genetic 
algorithm the routine converges on the 
parameters that yield the lowest error. 

FUTURE WORK
Beyond its utility in calibrating coastal 

dune models, the calibration workflow 
we describe is flexible, and can be used 

Figure 3. A) The basic processes operating in the computational domain of CDM. B) A mature foredune at the 
end of a CDM model iteration. Reproduced from Durán and Moore (2013).
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Figure 4. An example from tuning the CDM with a genetic algorithm. Using a 
population of 10 and 20 generations, the routine fully converges on the best 
parameter values (lowest error) by the 7th generation.

with other morphodynamic models. 
This includes more complex coastal 
models such as Windsurf — a spatially 
explicit model of vegetated coastal dune 
growth (CDM; Durán and Moore 2013) 
coupled to a coastal hydrodynamic model 
(XBeach; Roelvink et al. 2009). Prelimi-
nary work using Windsurf has shown 
skill in projecting fair-weather recovery 
of beaches and dunes over monthly to 
annual timescales and in multiple coastal 
settings (Moore et al. 2016b; Cohn et al. 
2016). We expect that models with many 
free parameters will benefit most from 
tuning using a genetic algorithm (vs. a 
brute force approach) such as the one we 
presented here. We hope to work toward 
the development of several examples 
of image pairs to be used as open data 
for dune model calibration. In addition 
to the data described above, the code 
used here is also available online: the 
current version of CDM is available here 

— https://github.com/csdms-contrib/
Coastal-Dune-Model — and the full ge-
netic algorithm tuning routine is available 
here — https://github.com/ebgoldstein/
GA-CDM.
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