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Sand waves are large migrating seabed features that are widespread on sandy continental shelves. Their
migration causes seabed level changes that can affect offshore infrastructure, motivating the need for decadal-
scale predictions of migration rates. Common prediction approaches rely on extrapolation of historical
observations and are therefore difficult to apply in data-scarce regions or under changing environmental
conditions. To satisfy the need for quick process-based estimations of sand wave migration, we explore relations
between hydrodynamic forcing, sediment mobility, and sand wave migration. We calculated and verified sand
wave migration rates across the Dutch Continental Shelf, including ~14,500 km of sand wave crests. Using
hydrodynamic conditions from the Dutch Continental Shelf Model and sediment grain size and water depth
measurements, we derived migration rate estimators based on driving processes. Results show that an estimator
based on tidal current asymmetry provides a reasonable first-order estimate of site-specific migration rates with
strong linear correlation. Including non-tidal forcing improves estimates, especially for slowly migrating sand
waves. By incorporating sediment mobility through excess velocity and shear stress estimators, more consistent
non-linear relations are found that better reflect sediment transport physics and reduce regional differences
in predictor performance. The strongest relation is obtained using squared excess velocity, while excess shear
stress proves more robust when sediment grain size is uncertain. Sensitivity analyses further show that both
sediment size and bed roughness influence estimator performance. These process-based estimators enable first-
order migration rate predictions in data-scarce areas and provide quantitative estimates of how environmental
changes affect sand wave dynamics.

1. Introduction Offshore sand waves are formed by the interaction between tidal
currents and sandy seabeds (Hulscher, 1996). These interactions form
rhythmic bed patterns with crests perpendicular to the tidal currents
and wavelengths in the order of hundreds of metres (Damen et al.,
2018). Their heights may reach up to 25% of the water depth (Francken

et al., 2004) (generally in the order of 1-10 m) and they can migrate

Due to ambitious green energy goals and population growth, the
use of the offshore area is increasing at a rapid pace. Our shallow
seas offer opportunities for a wide range of functions, such as energy
and food production and transportation of goods. This has not gone
unnoticed. The European Union is, for instance, aiming to expand

offshore wind capacity to 300 GW by 2050, a twelvefold increase from
the current 25 GW (European Commission, 2022). The North Sea, with
its favourable wind conditions and extensive shallow waters, will play
a central role in this expansion. To support the development of this
offshore infrastructure, it is vital to gain insight into the dynamics of
the seabed. The seabed is not flat, but contains a range of dynamic
bedforms of different shapes and sizes. Of these especially sand waves
deserve our attention due to their significant dimensions and persistent
dynamics.

with rates up to tens of metres per year (Van der Meijden et al.,
2023; Van Landeghem et al., 2012). This migration can therefore cause
significant bed level variations over time (e.g. Fig. 3), which in turn can
cause exposure of cables and pipelines and bury objects in the seabed
(Németh et al., 2003).

Sand wave migration, the movement of sand waves in a direction
more or less perpendicular to their crest, can be caused by a range
of factors. The primary driver is often the long-term asymmetry in
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tidal forcing, caused by superimposed tidal components (Besio et al.,
2004) or residual currents (Németh et al., 2002). These residual cur-
rents themselves vary temporally due to meteorological conditions,
amplifying or dampening migration rates (Overes et al., 2024). The
underlying bathymetry also plays a role: sand banks can drive sand
waves to migrate towards the bank crest from both sides (Leenders
et al.,, 2021). Where suspended sediment transport and free surface
waves are dominant, these processes can further enhance migration
(Van Gerwen et al., 2018; Campmans, 2018), as does the scarcity of
sediment (Nnafie et al., 2023). Finally, extreme events such as tropical
storms can significantly alter sand wave dynamics, even mobilizing
otherwise stable bedforms (Bao et al., 2020).

Three broad approaches exist to predict future sand wave migration
and associated bed level change: data-driven extrapolation of observed
trends, numerical process-based modelling, and (process-based) empir-
ical relations linking sand wave and/or environmental characteristics
to observed migration. Below we discuss the first two and their lim-
itations, before introducing the empirical approach pursued in this
study.

Long-term bed level predictions are, in practice, commonly obtained
using data-driven analyses. In this type of analysis sand wave migration
rates are determined based on historic bathymetry data and used to ex-
trapolate the current bed level to a future moment in time (e.g. Deltares
(2023), Dorst (2009)). Due to the lack of other validated approaches,
this is currently the industry standard for multi-decadal bed level pre-
dictions. This approach works best for steady migration and struggles
with short-term (intra- or inter-annual) variability, e.g. due to seasonal
effects. To ensure robust estimates of the migration rate preferably at
least three bathymetric measurements are used, which cover a temporal
period of multiple years to allow for identifying trends, depending
on the migration rate. However, this amount of data is not always
available. Moreover, these types of analyses are generally not based on
driving processes, but linearly extrapolate trends towards the future.
This makes them unsuitable to deal with changing conditions due to
for example climate change or human interventions.

Alternatively numerical modelling can be used to simulate sand
wave dynamics and directly provide future bed levels (e.g. Krabbendam
et al. (2021) and Overes et al. (2025)). These high-resolution numerical
models are able to capture the effect of variable forcing conditions
and future changes. However, they are relatively time-consuming in
terms of preparation and computation and are not yet able to accurately
capture multi-decadal sand wave evolution due to the accumulation of
small morphological errors as a result of necessary numerical schemati-
zations. On the other hand, numerical models can provide insights into
the hydrodynamic forcing conditions leading to sand wave migration
on a larger scale, without recreating all the details of the bathymetry.
These less detailed simulations take significantly less time to run and
may for large areas of the world be readily available. By creating
empirical relations which capture the hydrodynamic forcing leading
to sand wave migration we can greatly enhance our abilities to make
first-order migration rate estimations.

A third approach is to derive (process-based) empirical relations
between sand wave and/or environmental characteristics and observed
sand wave migration. Attempts have been made to create such empiri-
cal relations describing sand wave migration, for example by Knaapen
(2005) based on sand wave characteristics and by Li et al. (2011)
combining characteristics with hydrodynamic drivers. However, these
predictors rely on the asymmetry index of sand waves to estimate
both migration direction and migration rate, assuming that the sand
waves migrate towards their steepest slope. Although this is often the
case, more recent observations by Van Landeghem et al. (2012) show
that sand waves may also migrate towards their gentle slope, thereby
questioning the suitability of shape-based predictors. Moreover, in
both cases the relations are based on a limited number of datapoints,
thereby risking overfitting. On a larger scale Van der Meijden et al.
(2023) determined the migration rates of sand waves over the full
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Dutch Continental Shelf, based on 25 m resolution data. They found
a positive correlation between this migration rate and both the tidal
peak velocity difference between flood and ebb currents, as a measure
of tidal asymmetry, and the shields parameter, as a measure of sedi-
ment mobility. However, this analysis was rather limited and further
analysis of these relations in future work was encouraged. If such
process-based empirical relations are found they could combine the
strengths of both alternatives. Unlike data-driven extrapolation, they
are grounded in driving processes, allowing them to remain valid under
changing conditions and in data-scarce areas. Moreover, they avoid
the computational cost and accumulation of morphological errors over
multi-decadal timescales, often related to process-based numerical sand
wave models, while still capturing the relevant hydrodynamic forcing.

Even though the availability of data has skyrocketed over the past
decade, we still lack robust, process-based estimators describing sand
wave migration rates based on hydrodynamic drivers. The aim of
this study is to derive estimators based on hydrodynamic forcing and
sediment mobility that describe observed sand wave migration rates.
These estimators improve our understanding of migration drivers and
enable first-order predictions in data-scarce areas. They can also pro-
vide insights into future changes in migration rates under changing
environmental conditions, such as climate change, and reveal the rel-
ative contributions of different drivers. Based on our understanding
of the physical system, we define estimators that represent asymme-
try in hydrodynamics and sediment mobility. These estimators can
be derived solely from large-scale models or in-situ measurements.
To ensure robustness, we leverage extensive datasets of derived sand
wave migration rates from White et al. (2026) and sediment property
measurements across the Dutch Continental Shelf. Sand wave migration
rates are verified using Van der Meijden et al. (2023) and hydrody-
namics are extracted from the Dutch Continental Shelf Model (Deltares,
2022).

2. Methods

In this section the data sources for bathymetric, sediment prop-
erty and hydrodynamic data are described. Moreover, it outlines the
methods used for determining both sand wave migration rates and hy-
drodynamic estimators. The data used by Van der Meijden et al. (2023)
have a limited spatial resolution of 25 m, and their migration rate de-
termination method (crest-point matching) is sensitive to measurement
errors and shape changes. Therefore, we redetermine the migration
rates in this study using 5 m resolution data and a 2D cross-correlation
approach. This higher-resolution methodology increases the accuracy
and robustness of the migration rate determination and allows for
the inclusion of shorter time intervals between measurements, which
were excluded by Van der Meijden et al. (2023) due to insufficient
detectable migration at 25 m resolution. The data and results from Van
der Meijden et al. (2023) are used here for verification purposes.

2.1. Field data

To determine sand wave migration rates, bathymetric data is nec-
essary. For this study around 4000 bathymetric datasets are applied,
which include both Multi Beam Echo Sounder (MBES) and Single Beam
Echo Sounder (SBES) measurements. Most of the data is provided by
the Dutch Hydrographic Office (NLHO), which can be extracted via
Deltares (2017). This data is supplemented with measurements done in
assigned windfarm zones to support offshore wind developments by the
Netherlands Enterprise Agency, available via Netherlands Enterprise
Agency (2025). Finally, a limited amount of data is provided in cable
corridors by Tennet and in sand mining areas by Rijkswaterstaat. All
MBES data has a resolution of at least 5 x 5m. The quality of the SBES
data is examined and attention is given to: (1) whether the survey
lines align with the sand wave migration direction (approximately
perpendicular to the crest), (2) whether the along line resolution is high
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Fig. 1. Spatial overview of the amount of bathymetry datasets available from public datasources, including SBES data, which show up as stripes if widely spaced
(left) and the interpretation of this coverage (right) showing if amount of measurements after quality assessment is: sufficient (> 2), few (2) or insufficient (< 2).
Note at least two datasets are needed to extract migration rates. Inset plot in left Figure shows location in the North Sea.

enough (min. 5 m) and (3) whether the spacing between lines is limited
enough (sufficient coverage, max ~100 m). A first check of the line
direction and resolution is done manually, after which the coverage is
checked automatically.

To determine migration rates at least two surveys are necessary,
but preferably more surveys are used to increase the robustness of
the estimate and account for temporal variability in the migration
rates. Most of the Dutch Continental Shelf (DCS) is included at least
twice in the available data, see Fig. 1. For these areas, the quality
of the data is assessed, giving special attention to SBES data and the
presence of human interventions in the measurement period. More
recent MBES data typically has a horizontal measurement uncertainty
of a few decimetres, up to half a metre (e.g. 0.4 m in Fugro (2016), see
International Hydrographic Organization (2020)), while older (SBES)
data may have significantly higher uncertainty. Especially in areas
with low migration rates this may interfere with the determination
of the sand wave migration rate. This evaluation yielded 8140 km?
(67.5%) of the total sand wave areas, with sufficient data coverage
where at least three datasets are available of good quality and coverage,
see ‘sufficient data’ areas in Fig. 1. In other areas only 2 surveys
were left after quality assessment (‘few measurements’), increasing the
uncertainty of the determined migration rates, or even less than 2
measurements were available, making migration rate determination
impossible (‘insufficient data’).

In addition to the bathymetric data also data on sediment character-
istics is applied in this study, to allow for the determination of sediment
mobility. This data is extracted from DINOloket (DINOloket, 2007) and
interpolated from point data by Maljers and Gunnink (2007) to create
spatial coverage of the full DCS. In this interpolation also pre-existing
knowledge on grain size distribution over sand waves was incorporated
(Damen et al., 2018). To prevent this from interfering with the results
the grain size data was averaged over a 1 km length scale. From this
data the determined median sediment diameter (ds;) for the top layer
is used. On the DCS relatively good coverage of sediment grain size
data is found, which is exceptional due to the costliness of retrieval
and processing of sediment samples. Nevertheless even with good
coverage and careful interpolation, still artifacts like single outlying
samples are found, see Fig. 2. Comparison with interpolated top layer
sediment sizes (ds)) from Ploeg et al. (2025), which covers an area
close to shore, shows a Mean Absolute Error of around 40 pm between

the datasets. Since these studies are largely based on the same data,
this indicates some dependency on interpolation choices. In addition
EMODNET bathymetry data (EMODnet, 2024) is used to determine the
depth of the large scale bathymetry, excluding sand waves, through
smoothening and resampling to a 0.005 degree grid. This data is based
on NLHO measurements (Deltares, 2017). A spatial overview of this
data is shown in Fig. 2.

2.2. Migration rate derivation

To determine the sand wave migration rates, the relatively com-
putationally intensive 2D cross correlation method is used (White
et al., 2026), which yields highly robust results. This method finds the
spatial shift with the highest correlation between two measurements.
This results in lower sensitivities relative to methods only looking at
characteristic points (such as crests, troughs or ‘zero-crossings’), which
are also influenced by shape adaptations. Moreover by applying a 2D
method the migration direction is simultaneously determined and may
vary spatially.

The migration rates are determined through the following steps are
taken, which are applied to 5 x 5 km square areas, excluding a buffer
area. This approach reduces computation time and memory usage. First
the sand wave bathymetry is separated from the underlying bathymetry
using a lowpass Fourier filter with a wavelength of 1700 m. This
ensures that all sand waves, with wavelengths of hundreds of metres
(Damen et al., 2018), are preserved, while larger bed features such as
sandbanks, with wavelengths of 5-10 km, and slopes of the continental
shelf are removed. Through trial-and-error it was found that this filter
size resulted in the best filtering of larger bed features, while preserving
sand waves, throughout the different areas. It should be noted that with
an area as large as the DCS, using one filter size is always a compromise
(different sizes may work better in different areas). Then the smaller
bedforms, such as megaripples with wavelengths of tens of metres,
are filtered from this resulting sand wave bathymetry using a highpass
filter with a wavelength of 100 m. The purpose of this filtering step is
to isolate sand wave dynamics from smaller-scale bedforms. Although
megaripples can contribute substantially to local seabed variability
(with heights in the order of decimetres), they generally migrate on
much shorter timescales than sand waves and are commonly treated as
a source of bed level uncertainty rather than as individual features for
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Fig. 2. Spatial overview of the depth with respect to Mean Sea Level (MSL) of the large scale bathymetry from EMODNET (EMODnet, 2024) (left) and the median

sediment grain size ds, for DINOloket data (DINOloket, 2007) (right).
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Fig. 3. Example of sand wave migration between two measurements from 2008-2009 (left) and 2014 (middle), including bed level along a transect (right)
indicated with an arrow in bathymetry plots. Dots indicate derived migration rate, plotted at crest points but derived using 2D cross correlation. Origin of the
plot (0,0 coordinate) is located at x = 603, y = 5892 km (UTM-31N), within the Texel-Vlieland area.

long-term migration prediction. The filtering step is therefore intended
to isolate the sand-wave signal and obtain robust estimates of sand
wave migration rates.

The sand wave crest locations are then determined from the sand
wave bathymetries using 1D transects in the approximate migration
direction. This direction is determined from the most common direc-
tion among the 5% steepest slopes. Transects are spaced 50 m apart
to sufficiently capture spatial variability. Centred around these crest
points, a square window of 500 m x 500 m is used for the cross
correlation. This window size balances the need for localized data
(not too large) with reducing noise (not too small). In areas with
short wavelengths this covers the full sand wave, while preventing the
inclusion of multiple sand waves. For longer sand waves this covers
most of the steep slope, but only part of the gentle slope. For each
combination of measurements the window is shifted from its position
at the predefined crest point in the earliest measurement to find the
best match in the later measurement and determine migration distance
and direction, see Fig. 3. This distance is translated to a migration rate
using the survey dates. The migration rates are averaged between the
different survey combinations at the crest point to calculate the mean
migration rate. Finally the migration rates are spatially averaged using
the points within a 200 m radius to reduce noise. This procedure is
described in more detail in White et al. (2026) and is similar to methods
used in many commercial applications (e.g. Deltares (2023, 2016)).
With a 50 m spacing over the sand wave crests this yields 466,479 data
points in the areas with sufficient data.

2.3. Verification of observed migration rates

The calculated mean migration rate is verified using the migration
rates from Van der Meijden et al. (2023). They determined the mi-
gration rates using 25 x 25 m resolution data (relative to 5 m in our
dataset) and by applying the Pairs of Source and Target Points method
(Dong, 2015). This method quantifies migration distance and direction
by measuring the (shortest) distance between vectorized morphological
components. In the study by Van der Meijden et al. (2023) both crest
and trough lines are used to determine these migration characteristics.
Since the accuracy of this method is limited by the resolution of the
data (25 x 25 m) they decided to only include measurement timeseries
longer than five years. Although this method is sensitive to shape adap-
tations because it uses only characteristic points (crests and troughs)
of the sand waves, it may still outperform the 2D cross-correlation
approach under specific conditions. Especially when the sand waves
have few unique features (such as bends and bifurcations), the 2D cross
correlation may struggle to find the exact location of the migrated sand
wave. In that case this method may wrongfully assume that the sand
wave has migrated slightly sideways leading to an increased migration
rate. Therefore, verifying our data with Van der Meijden et al. (2023)
ensures robustness.

For each crest point in our analysis, we identify the closest data
point containing a crest migration rate from Van der Meijden et al.
(2023), within a radius of 100 m. Data points from our analysis are
retained only when their migration rate differs by less than 25% OR less
than 1 m/year from the corresponding migration rate reported by Van
der Meijden et al. (2023). If no data is found within this radius, the data
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Fig. 4. Sand wave migration rate determined using 2D cross-correlation and filtered based on verification with migration rates from Van der Meijden et al.
(2023). Black boundary shows sand wave areas, grey hatched areas within bounds did not contain sufficient data to robustly estimate migration rates, see Fig. 1.

point is excluded. This yields 336,201 data points, meaning that 72%
of the data passed the verification. Although some data may have been
wrongfully filtered out due to inaccuracies in Van der Meijden et al.
(2023), the remaining data shows robust results irrespective of method
and resolution and therefore the verification and filtering allows for
increased trust in the migration rate data.

Additional filtering is carried out based on the variance in the
derived migration rate between the different survey combinations. The
DCS is known for relatively stable sand wave migration (Menninga,
2012). Therefore, high variation between the determined migration
rates from different survey combinations are predominantly related
to survey inaccuracies and uncertainties in migration rate derivation.
Since the migration rate derived by Van der Meijden et al. (2023) is
based on a subset of the same data, errors due to survey inaccuracies are
not filtered through verification with their data. Therefore, additional
filtering is applied to limit the effect of survey inaccuracies on the
included migration rates. Only if the migration rate variation (= max
migration rate - min migration rate) is less than the mean migration
rate OR less than 2 m/year are the data points retained for further
study. After this additional filtering step 291,758 data points remain,
meaning that another 10% of the data is excluded. With a spacing of
50 m this translates to close to 14,500 km of sand wave crests. The
remaining data is shown in Fig. 4. The data points which did not pass
the verification are shown in the Supplementary Materials.

2.4. Hydrodynamics and bed shear stress estimators

To characterize the hydrodynamic conditions the 2D (depth
-averaged) Dutch Continental Shelf Model (DCSM) is applied (Deltares,
2022). Besides tidal forcing this large scale Delft3D FM model includes
meteorological forcing through spatially varying wind fields and at-
mospheric pressure, thereby resolving storm surge and other non-tidal

water level and current variations. Atmospheric pressure effects are
incorporated through inverse barometer corrections and wind stress
is calculated using a relative wind formulation. As a depth-averaged
barotropic model, DCSM does not explicitly resolve wave-induced
processes, density-driven circulation, or other baroclinic effects. The
model is validated using field data from the southern North Sea, using
both waterlevels, see Deltares (2022), and (depth-averaged) current ve-
locities, see Deltares (2020). From this validation it was concluded that
the 2D model is especially suitable for deriving depth-averaged currents
offshore. For deriving currents closer to shore or at a certain depth in
the water column it is recommended to instead use the 3D version of
the model. Since our sand waves are located sufficiently offshore, with
the ones closest to shore at approximately the same distance as the
‘offshore’ buoys in the Hollandse Kust Zuid and Hollandse Kust Noord
windfarm areas used for model validation (Deltares, 2020), it is deemed
acceptable to use the 2D DCSM model. In the southern North Sea the
grid size is 0.5 nautical mile (approximately 0.9 km). For each cell
within the sand wave domain an observation point is added and the
hydrodynamic conditions are calculated. The statistics described below
are calculated for each grid cell and then interpolated to the migration
rate data point locations using cubic interpolation. Two model runs
are used to determine the hydrodynamic conditions, one using only
tidal forcing and one including all forcing conditions. The tide-only
simulation covers 8 spring neap cycles. The run including non-tidal
forcing is run for 25 spring-neap cycles (370 days, from July 1st 2018
to July 6th 2019) to include all seasons. Due to the wide range of time
periods on which the migration rates are based, it was not possible to
exactly match the bathymetry measurement period for all sand wave
data points. However, with a full year of data temporal variations in
non-tidal currents are sufficiently captured and use of a different time
period did not significantly affect the results.

Different measures are used to quantify the hydrodynamic drivers
of sand wave migration. First, the mean peak velocity difference is
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Table 1

Structure of a selection of bed load transport formulations. The exponent column gives the power applied to the excess-of-critical
driving term (typically non-dimensional). The additional scaling column lists any multiplicative factor involving the driving

variable that is applied outside this excess-of-critical term.

Bed load formula Driving variable Excess-critical Additional scaling Reference

exponent
Soulsby/Van Rijn Current velocity (1) 2.4 *u Soulsby (1997)
Meyer-Peter-Miiller Bed shear stress (z,) 1.5 Meyer-Peter and Miiller (1948)
Van Rijn 1984 Bed shear stress (z,) 1.5-2.1 Van Rijn (1984)
Van Rijn 1993 Bed shear stress (7,) 1.5 7 Van Rijn (1993)
Van Rijn 2007 Bed shear stress (z,) 1 s Van Rijn (2007)

calculated to quantify the long-term asymmetry between flood- and
ebb-directed peak currents. This difference is commonly used as a
measure of tidal asymmetry and showed a positive correlation with
migration rate in Van der Meijden et al. (2023). To determine this
measure the peaks in both flood and ebb direction are identified in the
depth-averaged velocity signal including all forcing conditions. Then
the time-average peak velocity for both the flood and ebb peaks are
calculated separately (based on 8 and 25 spring-neap cycles for the tidal
and full forcing run respectively). The mean peak velocity difference
(Umean peak difs [M/s]) is defined as the absolute difference between the
long-term average flood peak velocity (u,,4. r10,4) @nd ebb peak velocity
(peqrcop)- This procedure is described in Eq. (1) and shown in Fig. 5.

Umean peak dif = ”upeak,floodl - |upeak,ebb|| (@]

To account for sediment mobility, we calculate the excess velocity
and excess bed shear stress. These variables represent the amount
by which the hydrodynamic forcing exceeds the critical threshold for
sediment transport, which depends on water depth and sediment size.
Bed load transport rates are often assumed to be proportional to these
variables (to a specific power). Examples of this are the use of excess
shear stress in the Meyer-Peter and Miiller and several of the Van Rijn
formulations (Meyer-Peter and Miiller, 1948; Van Rijn, 1984, 1993,
2007), and the use of excess velocity in the Soulsby/Van Rijn formula
(Soulsby, 1997; Van Rijn, 1993), see Table 1. First the critical bed shear
stress is calculated based on the Shields parameter. For the critical
Shields parameter (6,,.) calculation an approximation of the Shields
curve from Van Rijn (2007) is used. For the considered sediment sizes
(200-600 pm), the calculation of the dimensionless particle size (D,) is
fixed and this comes down to:

02D, =dgy [(s— Dg/v?]"? @

0. =0.013(D,)
where ds, is the median sediment diameter [m]. s represents the
relative density of the sediment with respect to water, assumed to be
2.65 [-]. g is the gravitational acceleration (9.81 m/s?) and v is the

kinematic viscosity of water, which is taken as 1 * 10~ m?/s. Using
the critical Shields parameter the critical bed shear stress (7., [N/m2])
can be calculated as follows:

Ther = (ps - pw) g dSOOCr (3)

where p,, is the density water (taken as 1025 kg/m?) and ps is the
density of soil (2.65p,, = 2716 kg/m?). The critical depth averaged
velocity (u,. [m/s]) can be calculated from this critical shear stress
using:

7,,C2?
uy, = 1/ e 4)
. Pug

where C is the Chézy roughness [m!/2/s], which is calculated following
Colebrook and White (1937):

C = 18logy, (12—H> )
kS

In this formula H represents the total water depth [m]. k, is the bed
roughness height [m], which accounts for grain and form roughness.
This bed roughness height is set at 0.03 m based on the presence of
ripples, with an average length (4,) of 0.17 m (as observed by Damveld
et al. (2018)) and an average ripple height (4,) of 0.017 m, assuming a
steepness (H/L) for current ripples of 0.1 (Van Rijn, 1993). The ripple
roughness is calculated using the formula proposed by Van Rijn (1993)
(kg = 20y,4, * (4,/4,), where y, is a ripple presence factor, set at 0.7
for ripples superimposed on sand waves) and combined with the grain
roughness (K 4,4, = 3dgg, dgg = 1.5ds). In reality the roughness will
vary based on ripple dimensions and shape and sediment characteristics
(even between sand wave crest and trough, see Damveld et al. (2018)).
However, there is insufficient data available to base such a varying bed
roughness on.

The critical velocity and shear stress are then used to calculate the
excess velocity and excess shear stress, by subtracting these from the
time varying signals (while bounded at zero). The time-varying, depth-
averaged velocity is extracted at 10 min intervals and interpolated to
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Fig. 6. Example of mean excess velocity calculation (left), for exponents n = 1 (middle window) and » = 2 (lower window) and calculated mean excess velocity
with n = 2 (squared) from full forcing run (right) using a 30 day time frame for visual purposes. Real calculations use a time frame of 8 (tidal) or 25 (full forcing)

spring-neap cycles.

the sand wave crest locations. From this depth-averaged velocity (u),
the time-varying bed shear stress is calculated as follows:

2
Ty = Puw8 E
From the velocity and bed shear stress signals the critical values are
subtracted to calculate the excess velocity and excess bed shear stress:

)

©

Uexcess = max((lul - ucr) ,0)

®

Since sediment transport is often assumed to be non-linearly related
to the excess velocity or excess bed shear stress, we will apply an
exponent (n) before time-averaging the signal. This is done as follows:

9

Th,excess — max(("[b' - Tb,cr) ,0)

JE—
Umean excess, n = Uexcess

(10)

T =1
b,mean excess, n = *p excess

The rationale behind these estimators is that sand wave migration is
driven by asymmetry in sediment transport rather than by asymmetry
in current velocity itself. Classical bed-load transport formulations are
nonlinear once the critical threshold for sediment motion is exceeded,
see Table 1. By introducing a critical threshold and applying a power
(n) before temporal averaging, the proposed estimators mimic the
structure of these transport relations and provide a proxy for long-term
transport asymmetry. In this way the relatively larger contributions of
extreme conditions are maintained and not averaged out, for example,
against excess velocities with half the magnitude, which are present
for twice as long. The values of n considered in this study are n = 1,2
and 3 for the mean excess velocity, and n = 0.5, 1 and 1.5 for the mean
excess bed shear stress. These include a case without additional velocity
scaling (n = 1 for excess velocity and n = 0.5 for excess bed shear stress)
and two exponent values representative of commonly used bed load
transport formulations (» = 2 and 3 for excess velocity; n = 1 and 1.5
for excess bed shear stress; see Table 1). The excess velocity and bed
shear signal are averaged over the full signal (containing for a large part
zero values due to below critical conditions) to take into account all
conditions capable of transporting sediment. The length of this signal

is 8 spring-neap cycles (~4 months) for the tidal run and 25 spring-neap
(~1 year) for the full forcing run, ensuring a representative signal. This
process is shown in Fig. 6 for the velocity case with exponents of n =
land n=2.

Although the excess velocity and excess bed shear stress estimators
are mathematically related through the proportionality 7, « 2, they are
not equivalent. In the excess velocity approach, the critical threshold
is applied before the nonlinear transformation, whereas in the excess
bed shear stress approach the threshold is applied after transforming
velocity into bed shear stress. This leads to different sensitivities to the
threshold of motion. The bed shear estimators respond stronger when
just surpassing the critical conditions, but are in the higher mobility
ranges less sensitive to the exact threshold for motion.

2.5. Error and association metrics for estimator evaluation

For each of the hydrodynamic and sediment mobility estimators
considered in this study, a relation of the form y = ax®P + b is fitted
between the estimator (x) and the observed migration rate (y). The
values for a, b and the exponent are obtained by minimizing the Median
Absolute Error (MdAE, defined below) between the observed and pre-
dicted migration rates, in which the value of the exponent is selected
from a predefined set of positive values. When local fits are made for
a subset of the data, the value of the exponent is prescribed based
on the global fit to ensure comparability. To evaluate the variability
between the fits for subsets of the data the coefficient of variation
(CV) is used. This coefficient is calculated based on the mean (i) and
standard deviation (¢) of the fit coefficients using:

cv=2
H

To evaluate the performance of the migration rate estimators, we use
three complementary metrics: the Mean Absolute Error (MAE), the
Median Absolute Error (MdAE), and the correlation ratio (). The MAE
quantifies the average absolute deviation between the observed values
(y;) and the predicted values (§;), which are in this study estimated
using a fitted relation. Its units match those of the variable (in our case
m/year). The MAE is calculated as follows:

n
1 o
MAE = 3 Iy, = 3|
i=1
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here n is the total number of data points and i the specific data point
considered. Since the MAE is a mean, it is sensitive to the small subset
of data points with large absolute errors. To complement the MAE with
a measure that is more representative of the typical, bulk performance
of an estimator, we additionally report the Median Absolute Error
(MdAE):

MJAE = mediani = 1,...,n(|y; - $1).

Because the median is a robust statistic, the MdAE is far less influenced
by a limited number of poorly predicted data points than the MAE.
Comparing MAE and MdAE therefore indicates the extent to which an
estimator’s overall error is driven by a small tail of large deviations
rather than by a systematically poor fit throughout the dataset: a large
gap between MAE and MdAE points to the former, while similar values
indicate a consistent error across the full range of the data.

To assess the strength of association we use the correlation ratio
(7). This measure of association captures any relationship between
two variables, whether linear, non-linear, or non-monotonic, without
assuming a specific functional form (Draper and Smith, 1998). To
calculate 7, the predictor variable (x) is first divided into k equal-width
bins (in this study taken as 30). The correlation ratio is then defined as
the fraction of the total variance in y that is explained by the variation
in the bin-wise mean values of y:

k _ \2
2 _ S Shetween _ Zj=l j (yj - y) _ \/—2
= SS‘ma] = Z" (y. _ }_})2 > h=vVn-.
i=1 Vi

where k is the number of bins, #; and j; are respectively the number of
data points and the mean of y within bin j, and y is the mean of y over
the full dataset. Bins containing fewer than 5 points are excluded from
the calculation, to avoid bin means being disproportionately affected
by a small number of points. The correlation ratio is then obtained
by taking the square root. Since 5 is bound between 0 and 1, values
close to 1 indicate that knowing the value of the predictor variable
strongly determines the value of the migration rate, while values close
to 0 indicate no association. Because # does not assume linearity, it can
be directly compared between the linear (e.g. mean peak velocity differ-
ence) and non-linear (e.g. mean excess velocity, mean excess bed shear
stress) estimators used in this study, without being biased in favour of
either functional form. For a strictly linear relationship, n approaches
the absolute value of the Pearson linear correlation coefficient; for non-
linear relationships, # will generally exceed it, reflecting the additional
association that Pearson’s coefficient fails to capture.

3. Results

To investigate the ability of the hydrodynamic and sediment trans-
port estimators to describe and predict sand wave migration rates, we
correlate these statistics with the observed migration rates. The analysis
includes all 291,758 verified migration-rate data points across the DCS.
First, we explore how well sand wave migration can be explained
using hydrodynamic conditions alone, through the mean peak velocity
difference. Then we will add the mobility of sediment, to make a better
informed estimation of asymmetry in the sediment transport, using
the mean excess velocity and bed shear stress. Finally, we will see
how dependent these estimations are on spatial sediment data, since
acquiring this type of data is often quite costly.

3.1. Relations between hydrodynamics and migration rates

First, we will explore how well the sand wave migration can be
explained by looking purely into hydrodynamic conditions. To describe
the long-term tidal asymmetry, which is believed to be one of the main
drivers for sand wave dynamics, the mean peak velocity difference is
calculated as described in Eq. (1) and shown in Fig. 5. This is done
for both the run with only tidal forcing and the full forcing run. When
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only tidal forcing is included (Fig. 7A), there is a strong correlation
between the sand wave migration rate and the mean peak velocity
difference, with a correlation ratio (1) of 0.75. Moreover, a linear fit can
describe the data with a Mean Absolute Error (MAE) of 0.494 m/year
and a Median Absolute Error (MdAE) of 0.265 m/year. Although this
is generally good enough for a first estimate, it is still high considering
the low migration rate of the considered sand waves (1.1 m/year
on average). The large difference between the MAE and the MdAE
indicates that a small subset with large errors significantly affect the
MAE, which is also clearly visible in Fig. 7A as spread in the data points.

When all forcing conditions are included, the correlation becomes
slightly stronger, with 5 increasing to 0.78. The MAE and MdAE of the
linear fit decrease to 0.477 and 0.217 m/year, respectively (Fig. 7B).
The inclusion of meteorologically driven non-tidal forcing (wind and
atmospheric pressure effects) is particularly beneficial for the correla-
tion in the low migration rate ranges (< 1 m/year). For this subset, the
correlation ratio increases from 0.56 to 0.67 (not shown). In the south-
western parts of the DCS the added non-tidal currents counterbalance
the tidal asymmetry and therefore explain the local immobility of sand
waves. In other parts of the DCS, the non-tidal currents enhance the
present tidal asymmetry and thereby amplify sand wave migration.
Both effects can clearly be distinguished in Fig. 7, where the data is
better concentrated around the linear fit when non-tidal currents are
included, especially for low migration rates.

Interestingly, part of the data shows a much higher mean peak
velocity difference, forming a separate patch from the rest of the data.
These sand waves are located in the isolated fields near the Dutch
Wadden islands of Texel and Vlieland. To study these spatial differences
in more detail we have divided the data into nine areas, based on
the areas applied in Van der Meijden et al. (2023), see Fig. 8. These
areas group the data into approximately equally sized groups (before
filtering), loosely based on environmental characteristics (water depth,
presence of sandbanks) and sand wave characteristics and dynamics.
The migration rates in the Texel-Vlieland area are also higher than
those in most other areas, reasonably matching the linear fit. How-
ever, based on the non-linear relation between current velocity and
sediment transport even higher migration rates would be expected.
This mismatch can be explained by the lower mobility of sediment
in this area. The peak ebb currents are close to the critical velocity,
while the peak flood currents slightly surpass them. In these lower
mobility ranges a similar change in velocity will cause a lower change
in sediment transport compared to the case where peak currents amply
surpass critical values. Peak tidal current asymmetry does not account
for the ability of the currents to transport sediment. As a result, it can
overestimate or underestimate the asymmetry in sediment transport.
Therefore a measure including the threshold of motion will be better
able to explain and describe the physical system in the areas with peak
currents close to this threshold.

The relationship between mean peak velocity difference and mi-
gration rate varies substantially among the different areas of the DCS
(Fig. 8). The highest-density regions in the plots generally align with
the overall linear fit. However, when individual areas are considered
separately, substantially different regression relationships are obtained.
In the IJmuiden-Texel area (lilac), for instance, the local fit is signif-
icantly steeper, while based on other areas like Noordhinder South
(purple) and Zeeland Banks (yellow), the local fit is more gentle. In
the Texel-Vlieland and IJmuiden-Maasvlakte areas the fit based on
MdAE optimization even results in negative relations between mean
peak velocity difference and migration rate. This variability between
the fitted relations is reflected in the coefficient of variation for the fit
parameters a and b (y = ax + b), which are 1.44 and 3.27 respectively.
This variation between the local fitted relations complicates finding an
overall estimator sand wave migration rate based on the mean peak
velocity difference when data-availability is limited.
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3.2. Relations between migration rates and sediment mobility

To investigate whether the sand wave migration estimators can
be improved by including sediment mobility, we will consider the
mean excess velocity and mean excess bed shear stress estimators (see
Eq. (9) and (10)). These take into account the threshold for sediment
transport based on the local sediment grain size. Through the use of
an exponent before averaging, the variables mimic the structure of
sediment transport relations, thereby offering a measure for asymmetry
in sediment transport for exponents of 2 and 3 in case of excess velocity
and 1 and 1.5 in case of excess bed shear stress. Fig. 9 shows the
fit for the mean excess velocity with exponents (n) of 1, 2 and 3 in
the upper row. Especially with n = 1 or 2, the mean excess velocity
shows a clear non-linear fit with the migration rate, with a MAE of
0.59 and 0.49 m/year and a MdAE of 0.29 and 0.23 m/year for the

respective exponents. Especially with n = 2, a clear non-linear relation
appears with the migration rate, which is reflected in the higher value
for the correlation ratio () of 0.724. Moreover, the relation for n =
2 is no longer divided into two separate areas and the Texel-Vlieland
sand wave data attaches to the rest, showing one overall fit. With
this exponent the error statistics are in the same range as those for
the mean peak velocity difference, although the correlation ratio is
still slightly lower. When the exponent further increases to a third
power (n = 3), the sand waves with the higher migration rates (Texel-
Vlieland, IJmuiden Texel and Brown banks areas) do not align with
the non-linear fit anymore. In these areas with high migration rates
the asymmetry in the mean excess velocity decreases when a higher
power is applied. The observed optimum around » = 2 aligns well with
sediment transport theory because it falls within the range of nonlinear
exponents commonly applied in sediment transport formulations, see
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Fig. 9. Histogram of sand wave migration rate against the mean excess velocity, see Eq. (9) (A,B,C) and mean excess bed shear stress, see Eq. (8) (D,E,F) with
different exponents, including a non-linear fit (dotted line). Additionally the Mean Absolute Error (MAE) and Median Absolute Error (MdAE) to this non-linear

fit and the correlation ratio (i) are included.

Table 1. For n = 1, the threshold for motion is included but no non-
linear scaling is applied when surpassing that threshold. For n = 3,
the estimator becomes increasingly dominated by short periods of
extreme mobility and more sensitive to uncertainties in critical velocity
and roughness estimates, causing the relation with migration rate to
deteriorate.

Similar behaviour can be seen for the mean excess bed shear stress
shown in the lower plots of Fig. 9. Here also the highest migration
rates show a relatively lowered excess bed shear, moving away from
the non-linear fit, when a higher exponent (n = 1.5) is applied. Again,
the Texel-Vlieland data still forms a somewhat separate group when
the bed shear with exponents of 0.5 or 1 are considered, but moves
towards the rest of the data for a higher exponent (n = 1.5). With a
lower exponent (n = 0.5), the non-linear relation becomes somewhat
unclear and based on MdAE optimization a gently sloping linear fit is
found and performance of the estimator decreases. For the exponents
1 and 1.5 the non-linear estimators for migration rate based on excess
bed shear have a MAE of around 0.55 m/year and a MdAE of around
0.23 m/year. This is in the same range as the velocity based approaches,
although the MAE for the excess velocity with n = 2 is a bit lower.

The relationship between squared mean excess velocity (n = 2)
and sand wave migration rate is promising. It shows a good match
with the non-linear fit, similar behaviour across areas, and a clear
connection with theoretical descriptions of sediment transport. Looking
more closely to the different areas, we see that the relation is indeed
more similar compared to the mean peak velocity difference, see Fig.
10. In the areas with low migration rates the highest point densities
(darker areas) align quite nicely with the non-linear fit, sometimes
showing a slightly lower migration rate than predicted. In the high
migration rate areas (Brown Banks/turquoise, IJmuiden-Texel/lilac and
Texel-Vlieland/red), the migration rate is slightly underpredicted by
the fit. These are also the areas where the error statistics improve

10

most through the derivation of a local fit. Nevertheless, also in these
areas the relation between the two variables does follow a similar
non-linear trend. This is reflected by the lower coefficient of variation
(CV) between the parameters (a and b) of different local non-linear fits
(y = ax? + b). Relative to the mean peak velocity difference relations
these coefficients of variation have lowered by over half and over two
thirds for the a and b parameter respectively. Therefore, this variable
shows promise for deriving the fit based on part of the data. Generally
the areas with a higher average migration rate also show a larger
spread from the non-linear fit, with the exception of the Zeeland Banks
(yellow) and the IJmuiden-Maasvlakte (pink) areas, which show a large
spread despite the low average migration rate. In these areas the most
prominent underlying sand banks are found, which greatly influence
the sand wave migration, see Fig. 2 and Fig. 4. Figures showing the
spatial variation for the other estimators in Fig. 9 are included in the
Supplementary Materials.

The improved consistency of the excess velocity estimator relative
to the mean peak velocity difference indicates that migration rates
are more closely related to asymmetry in sediment transport than to
asymmetry in the hydrodynamic forcing itself. Locations with similar
peak velocity differences may exhibit substantially different transport
asymmetries due to variations in grain size, water depth, and mobility
thresholds. Incorporating these thresholds therefore reduces regional
differences and yields a more universal relation across the DCS.

3.3. Simplified sediment mobility: using a single sediment size

Since sediment data, which is used to calculate the local critical
bed shear stress, is not always available, we will explore the sensitivity
of our estimators to the sediment grain size. To this end we will
apply a single median grain size for the calculation of the mean excess
velocity across the DCS. For this grain size we chose 350 pm, which
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is typical for sand wave areas on the DCS, see Damen et al. (2018),
and close to the mean and median grain size of our dataset (359 and
357 pm respectively). By removing this variability, the critical depth
averaged velocity is around 0.375 m/s (+/- 0.015 m/s depending on
local water depth), where before it varied significantly from around
0.29 to 0.48 m/s.

From Fig. 11 it is clear that even without detailed sediment data
the relations between the hydrodynamic estimators (excess velocity
and bed shear stress) and sand wave migration can still be found.
However, the underestimation of high sand wave migration rates for
higher order estimators becomes more prominent, see Fig. 11 B, C and
F. The areas with the highest migration rates in the North also have
finer sand relative to the rest of the sand wave fields (with the exception
of some specific areas near Texel and Vlieland), see Fig. 2. There the
critical bed shear stress is overestimated when using a single grain
size throughout the DCS and this leads to an underestimation of the
asymmetry in the excess velocity and bed shear. This underestimation
gets amplified when a higher exponent is applied. This effect is less
clear in the shear stress based predictors, since the shear stress is less
sensitive to the exact critical value. The excess shear stress rises quicker
when surpassing the critical value and shows less variation based on the
exact critical value compared to the squared excess velocity, especially
in the high mobility ranges. Therefore, the shear stress seems to be a
better estimator when there is some uncertainty in the exact grain size.

4. Discussion

In this study we have shown the ability of local hydrodynamic
conditions and sediment mobility to describe and explain sand wave
migration rates on the Dutch Continental Shelf. The use of extensive
datasets, with close to 300,000 verified sand wave migration data
points, greatly improves the robustness of the estimators relative to
previous studies. It is found that purely based on hydrodynamics a
first estimation of migration rate can be made using the mean peak
velocity difference. The obtained linear fit shows a MAE less than 0.5
m/year and a MdAE of less than 0.25 m/year with the full dataset. The
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inclusion of non-tidal currents improves the ability of the fit to describe
migration rates, especially for the less mobile sand waves. However, the
relation between the mean peak velocity difference and the migration
rates seems to vary significantly over the different regions of the DCS
and does not display a non-linear relation as would be expected. By
including the sediment mobility in the calculation, through the use of
excess velocity and excess shear stress estimators (Eq. (9) and (10))
clearer non-linear relations are found with greater similarities over the
different areas of the DCS. The most distinct relations are found using
the excess velocity, but the excess shear stress shows higher robustness
when sediment grain sizes are uncertain. Although the MAE and MdAE
of these non-linear fits are marginally higher than that of the linear
mean peak velocity difference fit, they do show greater promise for
deriving overall estimators.

4.1. Survey inaccuracies and environmental conditions

Even for the improved estimators including sediment mobility, the
spread in the data, and thereby the match with the non-linear fits,
varies significantly between the areas. This spread could be caused
both by inaccuracies in the determination of migration rates as well
as missing processes on the side of the estimators. Especially in areas
with low migration rates, the horizontal inaccuracies in the data (order
of decimetres, depending on survey age) can complicate the determina-
tion of migration rates. For the shortest periods between measurements
(~1 year), this directly translates in a migration rate error in the order
of decimetres/year, although the migration rate data points are always
averaged between different periods (including longer ones of 5-10
years), thereby reducing this survey error related uncertainty. Since the
study by Van der Meijden et al. (2023) is largely based on the same
data, the verification is unable to filter based on survey accuracy and
only captures the inaccuracies due the migration rate determination
method. The variance based filtering is able to filter some data points
based on expected survey or determination inaccuracies, but is applied
rather conservatively to make sure data is not excluded based on
natural variations in sand wave migration rate.
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Fig. 11. Density plot of sand wave migration rate against the mean excess velocity, see Eq. (9) (A,B,C) and mean excess bed shear stress, see Eq. (10) (D,E,F) with
different exponents, including a non-linear fit (dotted line). Additionally the Mean Absolute Error (MAE) and Median Absolute Error (MdAE) to this non-linear

fit and the correlation ratio (i) are included.

From a process-based perspective it is interesting that the areas
with a larger spread in the data (Brown banks, IJmuiden-Texel, Texel-
Vlieland, IJmuiden-Maasvlakte and Zeeland banks) are those at the
boundaries of the sand wave fields (the sand waves continue across
the Dutch border into the UK and Belgium continental shelf). In the
north and east, sand waves cease to exist under the combined influence
of stronger hydrodynamic forcing and decreasing sediment size. These
conditions promote suspended sediment transport, which can dampen
sand wave growth (Borsje et al., 2014; Damen et al., 2018). These bor-
dering conditions, with increased dominance of free surface waves and
suspended sediment transport, could make it more difficult to estimate
migration rates directly from hydrodynamic currents. However several
other processes can also be identified which could explain a poorer
match there.

Free surface waves can amplify the migration of sand waves, es-
pecially under extreme conditions (Campmans, 2018). However, at
the DCS this effect is expected to be limited due to the significant
water depths and limited free surface wave heights. Even for the 99th
percentile extreme waves (derived by Damen et al. (2018)), these
conditions are able to mobilize sediment at only 10% of our sand wave
locations, and the median wave-related Shields parametre is 0.012
(approximately 1/4 of the critical value). Under normal conditions
free surface waves are not expected to significantly affect sand wave
dynamics (Campmans, 2018). Additionally, suspended sediment trans-
port may increase migration rates (Van Gerwen et al.,, 2018), until
suspended transport starts dominating over bed load transport (Rouse
numbers < 2.5) which causes sand wave dampening (Damen et al.,
2018; Borsje et al., 2014). Especially the particles in the lower part of
the water column, still at times in contact with the bed, are expected to
contribute to sand wave migration. These particles still act slightly like
bed load transport and are affected by the excess velocity and excess
shear included in the estimators. Therefore these effects may implicitly
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be captured in the derived estimators. The suspended particles higher
up in the water column, which only settle during calm conditions,
are not expected to contribute much to migration, but rather have a
dampening effect on sand waves.

The reasons for a poorer fit between excess velocity or shear stress
and migration rate in some areas might be site-specific. Especially
the Zeeland banks and IJmuiden-Maasvlakte areas stand out due to
large scatter combined with low migration rates (Fig. 10). In both
regions, underlying sand banks significantly influence local sand wave
migration, with the highest rates occurring on bank crests. In IJmuiden-
Maasvlakte, these high migration rates show the largest deviations
from the fit. This indicates that the estimators underestimate sediment
transport asymmetry on the bank. The mismatch decreases, however,
when a higher velocity exponent is used. The Zeeland banks show
more widespread issues with both under- and overestimation, possibly
because the 2DH model has difficulty capturing the hydrodynamics
surrounding the shallow banks or vertical processes like stratification
play a role. The Texel-Vlieland area, which has the highest migration
rates, shows the largest deviation (global fit MAE of 1.62 m/year
and MdAE of 1.03 m/year). This area is particularly challenging due
to high sediment heterogeneity (Fig. 2) and low sediment mobility,
where peak velocities sometimes barely exceed critical values. Accurate
determination of the critical velocity is therefore vital, but the heteroge-
neous sediment complicates this. Cheng et al. (2021) found significant
variations (up to 100 pm) in sediment grain size between crests and
troughs of sand waves in this area. Determining representative local
grain sizes from point measurements is thus difficult, especially since
it is often uncertain what part of the sand wave the data is from. In such
cases, using a representative overall grain size rather than questionable
interpolations may be preferable and can still yield reasonable results
(Fig. 11).
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fit and the correlation ratio (r) are included.

Finally, better representing bed roughness may be key to improv-
ing migration rate estimates. The bed roughness strongly influences
the translation between bed shear stress and depth-averaged velocity.
When bed roughness decreases, the critical depth-averaged velocity in-
creases significantly for the same critical shear stress, and vice versa. An
overly high critical velocity, due to low bed roughness, can significantly
reduce the asymmetry in excess velocity and shear stress, since the
ability of the currents to surpass the critical threshold is reduced. This
effect intensifies with higher exponents, thereby explaining the poorer
performance of n = 3 for the excess velocity and n = 1.5 for the excess
shear stress. This is particularly relevant in low-mobility environments,
such as Texel-Vlieland, where transport occurs close to the threshold of
motion. To test this, the estimators were recalculated using only grain
roughness (k; = dgy = 1.5ds,). This option shows a promising fit with
mean excess velocity (n = 1), achieving a MAE of 0.438 m/year and a
MdAE of 0.222 m/year. However, adding an exponent to the excess
velocity (or excess shear stress) to better represent sediment trans-
port causes the fit to deteriorate rapidly (Fig. 12). Higher exponents
underestimate the high migration rates in northern areas, a problem
that was also observed with higher bed roughness, but is amplified
when using only grain roughness. Future work should therefore focus
on incorporating physical estimators or machine learning algorithms
to improve the accuracy of the bed roughness estimations. This would
enable spatially varying roughness based on sediment and flow char-
acteristics, though estimating these variations at the scale of the DCS
remains challenging.

4.2. Data bias and overfitting
To increase robustness of the results an extensive dataset is em-

ployed, including close to 300,000 sand wave data points. Still some
bias could be present in the data, especially since all sand waves are
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located on the DCS. The migration rates on the DCS are relatively low
and steady compared to other areas. The dataset is therefore skewed
towards less mobile sand waves and the drivers are mainly of tidal
nature (although meteorological effects do play a role (Overes et al.,
2024)). Therefore, these estimators should be tested in other areas
where sand waves show higher migration rates (e.g. the Irish Sea
(Van Landeghem et al., 2012)) or increased variability in migration
over time (e.g. Harris (1991)). Since the sand wave migration on the
DCS occurs steadily, the long-term average of the current or sediment
mobility asymmetry is well able to describe this migration. However,
in areas where migration is dominated by extreme events, for instance
the sand waves on the Taiwan Shoal observed by Bao et al. (2020),
directly linking the migration to these events may be more appropriate.
Moreover, in these cases better matching of the hydrodynamic period
with the measurement/prediction period or probabilistic assessment of
hydrodynamics would be necessary. In this study, these periods did
not match because of the large variation in survey dates. However,
this was considered acceptable because migration is mainly driven by
long-term asymmetry rather than by individual events. Finally, the DCS
is characterized by an abundance of sediment. Since sediment scarce
conditions could lead to increased bedform migration rates (Nnafie
et al., 2023; van Veelen et al., 2024), the obtained estimators may need
scaling before application in these environments.

Although biases may remain in the data, the size of the dataset
significantly reduces the risk of overfitting. Overfitting is a realistic
threat when deriving such estimators, as can be demonstrated by
applying the migration rate predictor from Knaapen (2005), which
was based on limited data from the same area. This predictor uses
sand wave shape characteristics (asymmetry, height, and length) to
predict migration rate and achieved a near-perfect fit with a correlation
(R) of 0.98 and standard deviation of 0.34 m/year. However, despite
measures to increase robustness, like including multiple locations and
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separating calibration and validation datasets, only 4 of the 12 total
data points contained sand waves with significant migration rates
(> 0.5 m/year). Moreover, only one of these four data points ended
up in the validation dataset, raising concerns about overfitting. To test
this predictor on our dataset, we derived sand wave height, length,
and asymmetry and verified these with data from Damen et al. (2018).
While height matched well, length and asymmetry proved more sen-
sitive and required filtering. We selected approximately 70,000 data
points with maximum wavelength differences of 100 m and asymmetry
differences of 0.2. Applying the predictor from Knaapen (2005) to this
data yielded a weak correlation with a coefficient (R) of only 0.18 and
a standard deviation of 6.8 m/year. This clearly shows that due to the
limited dataset in the original study, the accuracy of the fit was greatly
overestimated.

4.3. Migration rate vs. migration volume

It is often presumed that the net sediment transport rates from
coarse resolution models, which do not resolve sand wave scales, can
directly be linked to the migration-based volume transport of sand
waves (~ migration rate * height). This hypothesis also relates to the
belief that smaller sand waves migrate faster than neighbouring larger
sand waves, since these have less volume to be transported. To verify
whether instead of migration rates we should be focusing on migration
volumes, we multiplied the migration rate with the sand wave height.
In doing so the previously very clear relations with the hydrodynamic
estimators (which resemble net sediment transport) disappeared (Fig-
ures included in Supplementary Materials). The migration volume even
seems to be slightly negatively correlated to the estimators (higher
migration volumes for lower asymmetry), which may be caused by the
generally much larger height of the low mobility sand waves. Moreover,
when comparing the height and migration rates of individual sand
waves to those in their direct surrounding, no clear relations between
sand wave height and migration rate were found (correlation ratio (#)
of 0.1-0.2).

The absence of these relations shows us that sand wave migration
volumes cannot directly be linked to the net sediment transport from
coarse models. The momentary sediment transport from a coarse model
probably resembles the average sediment transport over the sand wave.
This transport rate is amplified at the crest and dampened at the trough
locations, due to the interaction between the sand wave and the cur-
rents (see Overes et al. (2025)). The migration volume of the sand wave
is then equal to the deposition from one tidal phase (flood/ebb), minus
the erosion from the other tidal phase on one slope. The translation
between sediment transport rate and sand wave migration volume is
therefore not straight-forward. Moreover it could very well be that the
amount of amplification and dampening of the sediment transport due
to the sand wave bathymetry is related to the sand wave height. This
could cause a higher variation in sediment transport rate for sand waves
with greater height, thereby balancing the need for more deposition to
achieve the same migration rate.

4.4. Practical implications and applicability ranges

The estimators found in this study show great promise for deriving
overall relationships between hydrodynamic drivers and sand wave
migration. Although they may still need tweaking in certain areas with
different environmental conditions (e.g. wave-dominated or sediment-
scarce), the fact that clear estimators, with MAE of less than 0.5
m/year, could be found is in itself remarkable. The robustness of these
estimators is noteworthy given the uncertainties in migration rates
(shape deformation and measurement uncertainty), hydrodynamics (2D
approximations and differing time periods), and sediment transport
thresholds (sediment size and roughness estimates). Despite these un-
certainties, clear relationships remain visible. Their robustness was
further demonstrated through the application of a single sediment size
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and a different bed roughness (see Figs. 11 and 12). Still a MAE of 0.5
m/year could be judged as high, especially considering the on average
low migration rates and increased error for more mobile sand waves.
Therefore these estimators are especially valuable for deriving first-
order estimates of migration rates, and have most added benefit in
data-scarce areas, where other methods fail.

Although further validation, particularly in different environments,
will improve confidence in these methods, the estimators can already
be used to derive first-order migration rate estimates. In environ-
ments similar to the DCS (i.e., sediment-abundant, bed-load-dominated
environments with low wave impact and slow, continuous migra-
tion), the estimators are expected to provide similar accuracy (MAE
0.2-1.5 m/year, MdAE 0.1-1 m/year, depending on magnitude of
migration rates, data accuracy and process ambiguity). However, even
in these areas it is recommended to use a benchmark to test their ap-
plicability. Even in data scarce areas often some overlap in the surveys
is found, which can supply insights into sand wave migration rates
locally. Using this data the estimators can be validated (and possibly
tweaked) and then used to estimate migration rates in the surrounding
areas. For areas with large uncertainty in sediment composition, bed
shear stress estimators are recommended, although otherwise velocity
based estimations may provide better accuracy. These sensitivities
can also be tested using benchmark data. Without benchmarking it
is expected that the estimators can only provide order of magnitude
estimations (stable, low migration, high migration). However, even in
these cases, the estimators can provide process-based insights into the
drivers of sand wave dynamics. These insights can be used to estimate
spatial and temporal variations in migration rates and their potential
future development. For example, hydrodynamic time series with and
without storms can be compared to estimate the relative contribution
of different conditions. This approach can also provide insights into
potential future changes, such as those associated with climate change.
Application to areas with conditions that differ substantially from those
of the Dutch Continental Shelf (e.g. wave- or storm-dominated envi-
ronments, sediment-starved areas, or highly mobile seabeds) requires
further research.

The greatest benefit of the estimators derived in this study is found
in data-scarce areas where data-driven analysis is impossible. Even
on the DCS, one of the world’s most intensively monitored conti-
nental shelves, 900 km? of sand wave fields (7.5%) lack sufficient
measurements to derive migration rates (from public datasets), while
another 3000 km? (25%) has only two adequate measurements. In
these areas and countless other data-limited regions worldwide, de-
riving sand wave migration directly from process-based estimators
greatly enhances predictive capabilities. If there are no measurements
available, it is immensely difficult, if not impossible, to make up for
this, since measurement periods should span a sufficient time to en-
sure robustness. Even where ample measurements exist, the estimators
derived in this study can improve migration estimates by revealing
expected variability or enabling probabilistic predictions based on dif-
ferent hydrodynamic conditions and their occurrence probabilities. In
these ways the derived estimators can greatly enhance our abilities to
predict future bed levels in sand wave areas and thereby help prepare
for the challenges ahead with the expansion of our offshore activities.

5. Conclusion

This study leverages extensive bathymetric, hydrodynamic, and
sediment data from the Dutch Continental Shelf (DCS) to establish
robust relationships between environmental forcing and sand wave mi-
gration rates. Analysis of nearly 300,000 verified data points, covering
approximately 14,500 km of sand wave crests, shows that persistent
tidal current asymmetry largely explains sand wave migration patterns
on the DCS. Non-tidal currents can either enhance or dampen this
asymmetry, particularly for slowly migrating sand waves, thereby im-
proving the explanation of observed mobility and immobility. Including
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sediment mobility through mean excess velocity and excess bed shear
stress estimators reveals clearer non-linear relations that better capture
the underlying physics of sediment transport. Moreover, these relations
show greater consistency across different regions, although specifically
in regions with underlying sand banks, the sand wave migration rates
still show relatively large deviations from these fitted relations. The
mean excess velocity with a second-order exponent showed a partic-
ularly promising match, with an MAE of approximately 0.5 m/year
and an MdAE of approximately 0.25 m/year. The mean excess bed
shear stress was more robust when sediment grain size was uncertain
and showed good performance with n = 1. These exponent values lie
within the range commonly used in sediment transport formulations
and appear to provide a good balance between capturing non-linear
transport behaviour and maintaining robustness to uncertainties in
critical mobility thresholds.

These process-based relations advance both understanding and pre-
dictive capabilities of sand wave dynamics, enabling quick quantifi-
cation of relative importance of different forcing mechanisms and
insights into future dynamics under changing conditions. Beyond pro-
cess insights, they provide first-order migration rate estimates even in
data-scarce areas where data-driven approaches are impossible. The
derived relations can be directly applied in regions similar to the
DCS and, with further testing, potentially extended worldwide. Future
work should focus on diverse environments with higher migration
rates and more variable forcing conditions, enhancing our ability to
predict future bed level dynamics and supporting safe, sustainable, and
cost-effective offshore developments.
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Data availability

The bathymetry data, used to determine sand wave migration rates,
from the Dutch Hydrographic Office (NLHO) can be retrieved from
Deltares (2017), high resolution data has to be requested directly from
the Dutch Hydrographic Office (NLHO) via Dutch Hydrographic Of-
fice (2026). Bathymetric data from the Netherlands Enterprise Agency
(within assigned windfarm zones) is available via Netherlands Enter-
prise Agency (2025). The large scale bathymetry data is available via
EMODNET (EMODnet, 2024) and the sediment data can be retrieved
from DINOloket (DINOloket, 2007). The processed data at sand wave
crest points derived in this study (migration rates (White et al., 2026),
sand wave characteristics, hydrodynamics, sediment mobility indica-
tors), as well as comparison data from Damen et al. (2018) and Van
der Meijden et al. (2023)) is available via Overes et al. (2026).
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