Ocean Sci., 22, 893-921, 2026
https://doi.org/10.5194/0s-22-893-2026

© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Ocean Science

Best practices for estimating turbulent dissipation from oceanic
single-point velocity timeseries observations

Cynthia E. Bluteau', Danielle J. Wain2, Julia C. Mullarney?, and Craig L. Stevens*>

"nstitute of Ocean Sciences, Fisheries and Oceans Canada, Sidney BC, Canada

27 Lakes Alliance, Belgrade Lakes ME, USA

3Coastal Marine Group, School of Science, University of Waikato, Hamilton, New Zealand

4Earth Sciences New Zealand, Wellington, New Zealand

5Dept. Physics, University of Auckland, Auckland, New Zealand

Correspondence: Cynthia E. Bluteau (cynthia.bluteau @dfo-mpo.gc.ca)

Received: 9 September 2025 — Discussion started: 18 September 2025
Revised: 5 January 2026 — Accepted: 6 January 2026 — Published: 19 March 2026

Abstract. We provide best practices for estimating the dissi-
pation rate of turbulent kinetic energy, ¢, from velocity mea-
surements in an oceanographic context. These recommenda-
tions were developed as part of the Scientific Committee on
Oceanographic Research (SCOR) Working Group #160 “An-
alyzing ocean turbulence observations to quantify mixing”.
The recommendations here focus on velocity measurements
that enable fitting the inertial subrange of wavenumber ve-
locity spectra. The method examines the measurable range
for this method of dissipation rates in the ocean, seas, and
other natural waters. The recommendations are intended to
be platform-independent since the velocities may be mea-
sured using bottom-mounted platforms, platforms mounted
beneath the ice, or platforms directly on mooring lines
once the data is motion-decontaminated. The procedure for
preparing the data for spectral estimation is discussed in de-
tail, along with the quality control metrics that should ac-
company each estimate of ¢ during data archiving. The meth-
ods are applied to four “benchmark” datasets covering differ-
ent flow regimes and two instrument types (acoustic-Doppler
and time of travel). Problems associated with velocity data
quality, such as phase-wrapping, spikes, measurement noise,
and frame interference, are illustrated with examples drawn
from the benchmarks. Difficulties in resolving and identify-
ing the inertial subrange are also discussed, and recommen-
dations on how these issues should be identified and flagged
during data archiving are provided.

1 Introduction

Quantifying turbulence and mixing in the ocean is critical for
understanding many processes including the turbulent trans-
fer of momentum, heat and material — as well as the dissipa-
tion of energy (Fox-Kemper et al., 2019). For example, when
seeking to understand how an ocean boundary layer responds
to wind, it is critical to reliably understand how energy is
dissipated by a turbulent cascade to the viscous scales — or
how material is exchanged across isolines, such as the sea-
sonal thermocline, as well as through boundaries of the fluid
into the benthos or atmosphere (D’Asaro, 2014). However,
owing to the small temporal and spatial scales which inher-
ently characterize turbulent flow, key representative quanti-
ties are often not straightforward to measure (Gregg, 1999).
The dissipation rate of turbulent kinetic energy ¢ describes
the energy lost from the fluid system to viscous dissipation.
In addition, ¢ can be related to processes that drive turbulent
fluxes of momentum, heat and material. The small scales and
variable nature of the processes require precise measurement
and analysis before one arrives at an estimate of ¢ and asso-
ciated quantities.

These computations are especially challenging in the
ocean as & can range over almost ten orders of magnitude
(Stewart and Grant, 1999). Consequently, distinct measure-
ment techniques have been developed for differing parts of
this wide range of ¢. Microstructure shear probes are par-
ticularly useful for measuring turbulence profiles in low to
medium energy regions of the ocean as these sensors typi-
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cally resolve the smallest, viscous, turbulence scales (Lueck
et al., 2024). Point-velocity sensors are better suited for ob-
taining timeseries of dissipation rate than shear probes. How-
ever, velocity sensors can typically only resolve the larger
turbulence length scales, and thus estimating ¢ is limited to
relatively high energy environments.

Acoustic point-measurement instruments — sensors which
measure point-velocity timeseries in the ocean — have been
deployed since the mid-1990s (Lemmin et al., 1999; Rusello
et al., 2006), and are based on either acoustic backscatter
(Trowbridge and Elgar, 2001), or time of travel (Henchicks,
2001) approaches. The time of travel instruments, such as
Modular Acoustic Velocity Sensor (MAVS), are typically
better suited than the acoustic backscatter approach in en-
vironments with low concentration of acoustic scatterers or
weak currents. These environments are typically associated
with low . The single-point measurements were found to be
especially well-suited to capture ¢ values within boundary-
layers to improve understanding of dynamics and transfer
processes (Li et al., 2022); or, in experiments in which the
control volume is fixed in space — i.e., the sensor is mounted
on the sea bed or a fixed platform (Fig. 1), rather than
in open-ocean measurements of ¢ such as recorded with a
falling profiler (Le Boyer et al., 2023).

Technology for acoustic point velocity timeseries mea-
surements has matured over the last decades, with many
commercial instruments now well-established (e.g., the
Nortek Acoustic Doppler Velocimeter, ADV, and Nobska
Modular Acoustic Velocity Sensor, MAVS), resulting in a
wide user base of researchers and engineers. In particu-
lar, improvements in noise reduction meant that by the late
1990s, data from these instruments were able to be analysed
to provide turbulence estimates (e.g., Voulgaris and Trow-
bridge, 1998; Kim et al., 2000). Previously, such estimates
were only undertaken by a small number of groups world-
wide with bespoke equipment that was built, maintained,
and operated in-house. With this expansion in the user-base
comes a need for consistent, or at least comparable, meth-
ods to assess data quality and archive datasets. However, cur-
rently no standardized methods or guidelines exist for these
velocity measurements.

Here, we address this deficit by describing recommen-
dations for best practices for obtaining & from point ve-
locity measurements. These recommendations were devel-
oped through the Scientific Committee on Oceanic Research
working group #160 on Analysing ocean Turbulence Obser-
vations to quantify MIXing (ATOMIX), specifically the sub-
group on point velocities. Our aim was to evaluate various
methods for different processing steps and to provide rec-
ommendations of the most robust approach for researchers
who are new to measuring turbulence in aquatic and oceanic
flows. When multiple methods yielded similar results, we
recommended the one that was easiest to implement. The
working group also created benchmark datasets to help as-
sess and validate algorithms for estimating ¢, regardless of
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Figure 1. Sketch of point velocity deployment configurations show-
ing both under sea ice and seafloor deployments with examples of a
time of travel sensor (upper) or acoustic backscatter sensor (lower).

programming language. The format of the benchmarks was
designed to let researchers test processing workflows at inter-
mediate checkpoints, enabling them to build on our working
group’s activities and propose new techniques. Our choice
of benchmarks and their format recognizes that alternative
methods may yield similar results at the processing check-
points.

In addition, ATOMIX developed recommendations for
two other types of technologies, shear probes (Lueck et al.,
2024), and acoustic-Doppler current profilers (McMillan
et al., 2026). The ATOMIX approach promotes a consistent
variable naming framework, followed by example-based de-
scription of guidelines for formatting, processing level, pa-
rameter estimation, and quality control. A key result is the
provision of final ¢ estimates for the benchmark datasets to
enable researchers to check their own analyses.

2 Background theory and sampling requirements

A critical aspect of most approaches to sampling environ-
mental turbulence is that data are typically acquired in the
time domain, but the mechanistic, physical understanding is
best described and analyzed in the spatial (i.e., wavenum-
ber) domain. Technological developments have reduced the
sampling volumes (bin size) measured by current-profilers,
thus enabling the direct measurement of spatial spectra (e.g.,
Shcherbina et al., 2018; Zippel et al., 2021b). However, we
focus on the more traditional timeseries measurements that
must be converted from temporal to spatial measurements
by invoking Taylor’s frozen turbulence hypothesis whereby,
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under certain conditions, turbulent structure can be consid-
ered “frozen” as it moves past a stationary sensor (Lumley,
1965; Wyngaard and Clifford, 1977). In practice, this hypoth-
esis requires an estimate of the mean advection speed U past
the sensor, which enables the conversion of spectral observa-
tions W from the frequency f (Hz) to wavenumber domain k
(cpm) as:

V()

— TV
!
U

k M
The presence of - above variables indicate observational or
estimated parameters.

Irrespective of whether the instrument is fixed or moving
(e.g., drifting or moored), the velocity U is always the speed
relative to the instrument rather than the actual water speed.
This conversion can lead to errors in ¢ of a few percent when
U is about ten times larger than the root-mean-square of the
turbulent velocity fluctuations in the direction of the mean
flow uyms (Wyngaard and Clifford, 1977; Lumley, 1965). The
error magnitude in flows with low mean speeds U was deter-
mined more recently by Pécseli and Trulsen (2022), using
idealized numerical experiments. Their work excludes the
impact of surface waves on the advection of turbulence and

the estimated u;ms. They found that the expected errors on &

drops when the ratio uyms /U increases. When U was three
times larger than unys, the € estimates were overpredicted by
less than 10 %. The errors grew to about 25 % when U was
comparable in magnitude to ums (Pécseli and Trulsen, 2022).

Taylor’s hypothesis impacts which wavenumbers are re-
solved in the final spectra. Slower mean speeds enable res-
olution of the smaller turbulence scales within the viscous
subrange without increasing the sampling rate of measure-
ments (Fig. 2). Hence, the expected mean speed U must be
considered when selecting the sampling frequency of mea-
surements and setting the ambiguity velocity of the instru-
ment. The ambiguity velocity defines the maximum (unam-
biguous) along-beam velocity that can be measured (for a
given transmit pulse). A smaller ambiguity velocity in pulse-
coherent Doppler instruments improves the data quality by
reducing the measurement noise but might “phase wrap” the
measured velocities (Lhermitte and Serafin, 1984; Lohrmann
and Nylund, 2008). Section 4.1 covers how phase-wrapped
data can be identified and remedied, while the metrics for as-
sessing the validity of Taylor’s hypothesis will be discussed
in Sect. 4.2.

The sampling rate and segmenting choices must consider
the time and length scales associated with ocean turbu-
lence, particularly those corresponding to the inertial sub-
range (Fig. 2). Estimating turbulence quantities from field
measurements also necessitates satisfying the stationarity as-
sumption. This assumption implies that the key statistical
properties of the flow do not change over timescales shorter
than the segment length chosen to estimate ¢. This length
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must also be sufficiently long to resolve the inertial subrange
and fit the spectra and obtain ¢ (see Sect. 4.2). Within the in-
ertial subrange, the cascade of turbulent kinetic energy is in-
dependent of both the properties of the mean flow and molec-
ular viscosity (Pope, 2000), unlike the larger scales in the
energy-containing range and the smaller scales in the viscous
subrange.
The inertial subrange spectral model W, (k) is given by:

W (k) = a;Cre* Pk, 2

where k is the wavenumber expressed in rad m~! rather than
k expressed in cpm (12 =2nk), Cx is the empirical Kol-
mogorov universal constant that is approximately Cx = 1.5
as given in Sreenivasan (1995). The constant a; depends on
the velocity component for estimating . In the longitudi-
nal direction a; = 18/55, while the values are 4/3 larger in
the vertical and transverse directions, i.e. ay = a3 = 4a;/3
(Pope, 2000). Sreenivasan (1995) collated and interpreted
multiple studies to obtain an average value for Cy =1.62
(a1 Cx =0.53) with a standard deviation of 0.1681 (or 0.055
for a; Cy).

The inertial subrange covers larger scales than the viscous
subrange. It can be nonexistent in low Reynolds number flow
in which the larger turbulent scales become more compara-
ble in size to the smallest scales (Saddoughi and Veeravalli,
1994; Gargett et al., 1984). The largest scales depend on the
sought-after quantities — ¢ and the background flow proper-
ties, while the smallest scales are defined by the Kolmogorov
length scale Lk:

Lq= (U%)” * 3)

where v is the kinematic viscosity of seawater. The largest
wavenumbers of the inertial subrange are about ten times the
Kolmogorov scale, which translates to:

1

10Lk @)

kis ~

(Pope, 2000). When the ratio between the largest and small-
est turbulent length scale becomes smaller than roughly 300,
the inertial subrange becomes severely anisotropic (see the
review in Bluteau et al., 2011). Energy levels drop below
those predicted by the isotropic model in Eq. (2), and the
inertial subrange becomes unsuitable for estimating ¢. These
problems typically occur for weakly turbulent flows, espe-
cially near boundaries or in highly stratified-sheared flows
(Gargett et al., 1984; Saddoughi and Veeravalli, 1994).
Several relationships exist to define the scale of the largest
turbulent overturns (Ivey et al., 2018). We provide a brief
overview, noting that these scales can be of the order of me-
ters. The scales are always limited by the distance to the near-
est boundary, either the bottom or the surface. One common
definition for the large overturns in a stratified-sheared flow
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Figure 2. Spectral representations from the four benchmark datasets overlaying the expected idealized curves for a range of €. The secondary
frequency axes above the figure shows the relationship between different mean advection speeds and wavenumbers. The gray diamonds
denote the empirical limit of the inertial subrange and depend on ¢. The coloured triangles represent the approximate distance of the platform
from the nearest boundary (277 /«z). The impact of vortex shedding is apparent in the under-ice MAVS example at approximately 25 cpm.

is the Ozmidov length scale Lo (Ozmidov, 1965):

Lo=(e/v?)'", 5)

or by the Corrsin length scales in sheared flows (Corrsin,
1958):

Ls=(e/5%) ", ©)

where N and S are the background stratification and velocity
shear. This length scale tends to be smaller than Lo and better
represents the low wavenumber limit of the inertial subrange
(see, for example Bluteau et al., 2011).

Near boundaries, other definitions for the largest overturn
size may be warranted. For example, the Obukhov length
scale for ocean convection includes the effects of buoyancy
and applied wind stress (Obukhov, 1946; Zheng et al., 2021).
Near a solid boundary,

LsEKZ (7)

when the assumptions of the log-law of the wall are satisfied
(Bluteau et al., 2011). The Von Karman’s constant is x =
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0.39, as revised by Marusic et al. (2013) using atmospheric
and laboratory observations over a wide range of Reynolds
numbers. Hence, when no velocity shear measurements are
available, the distance of the nearest boundary can be used
to characterize the largest overturns, although this approach
may overestimate the overturn sizes (Bluteau et al., 2011).
Generally, the inertial subrange can be identified directly
from the spectral observations. Knowledge of the above
length scales is important to ensure the sampling and analysis
strategies do not inadvertently reduce the range of wavenum-
bers resolved within the inertial subrange. These scales partly
dictate the segmenting and spectral averaging strategies de-
scribed below (Sect. 4.2 and 4.3), as well as the choice of
burst sampling duration if continuous sampling is unfeasible
with the available battery power of the instrument.
Measurement campaigns must ensure the sampling rate
is sufficiently fast to resolve the high, most isotropic,
wavenumbers of the inertial subrange (Fig. 2). The sam-
pling rate must be faster for fast-moving flows than in low-
energy environments, although the high-energy flows typi-
cally lead to a wider inertial subrange. A sampling rate of
64 Hz has a Nyquist frequency of 32 Hz. If the noise lev-
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els are low, the highest wavenumbers of the inertial sub-
range are resolved for &£ <1075 Wkg~! and mean speeds
U < 1ms™!. For slower expected speeds U < 0.25ms™!, a
sampling rate of about 16 Hz suffices for resolving the en-
tire inertial subrange when & < 107> Wkg~!. The sampling
rate can be further reduced if the expected ¢ is much lower
than 107> Wkg~! (see Fig. 2). However, the noise floor ad-
versely impacts our ability to estimate low ¢ by potentially
drowning out the high wavenumbers of the inertial subrange
(Sect. 4.4.3).

3 Benchmark datasets and formatting

The benchmark datasets were created to allow testing of al-
gorithms (independent of programming language) for esti-
mating ¢; these datasets cover a range of instrument types
and environmental conditions that can be encountered rang-
ing from low-energy environments, such as beneath sea ice or
lakes, to high-energy environments, such as sills and obsta-
cles in coastal oceans or shallow embayments and estuaries
(Bluteau et al., 2025). Here, we focus on four benchmark
datasets encompassing a range of water depths and back-
ground flow speeds (Table 1). Other datasets were consid-
ered, but the present ones have problematic sections that al-
lowed us to demonstrate the application of quality control
metrics.

All four datasets are characterized by being recorded rel-
atively close to a horizontal boundary. The four benchmark
datasets are split evenly across two types of instruments — (i)
acoustic-Doppler velocimeter (ADV) which is a backscatter
device, and (ii) Modular Acoustic Velocity Sensor (MAVS)
which is a time-of-travel device. The ADV datasets presented
here were both collected with a Vector, Nortek AS, while the
MAVS instruments were produced by Nobska. The MAVS
instrument notably does not require particulate material in
the water column to resolve speed fluctuations and, thus, tur-
bulence. However, as we discuss later, their sampling rings
shed vortexes that contaminate velocities in the direction per-
pendicular to the instrument’s main shaft (Hay et al., 2013).
Bottom frames may also contaminate MAVS and ADV ve-
locity measurements.

We specify the technology type used for collecting the ve-
locities in the names of the benchmark datasets, which can
be summarized as follows:

1. Tidal Slough ADV —unstratified, shallow water;

2. Tidal Shelf ADV — stratified boundary-layer with rela-
tively fast speeds, in deep water;

3. Under-ice MAVS — weak flows, 5 m beneath rough ice;

4. Tidal MAVS — fast flows, near bed in shallow and un-
stratified waters.

The benchmarks use the NetCDF-4 file format with four
distinct processing levels stored in their own group named
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according to the processing level (Fig. 3 and Appendix A).
This format was devised to facilitate testing from different
checkpoints. Below, in Sect. 4, we explain the processing
steps at each level in detail. The first data level contains the
raw velocity measurements and boolean quality-control in-
dicators that flag poor-quality velocity samples. The second
level involves applying the quality control flags, replacing
the missing samples, and then segmenting the time series
into smaller subsets, usually a few minutes long. This sec-
ond level separates each subset of velocity samples used for
computing spectra and other statistics required for convert-
ing from time to space and for applying the inertial model to
the spectra (e.g., mean speed past the sensor).

The third level contains the spectral observations for each
segment that are used to derive ¢ by fitting the observa-
tions over the inertial subrange with the appropriate theoret-
ical model (e.g., Eq. 2). The fourth level contains the esti-
mated ¢ from all available velocity components, along with
boolean quality-control flags that indicate one or many rea-
sons why an ¢ should be discarded or, at the very least, have
the quality questioned. The flags’ metadata includes thresh-
olds for any quality-control test applied to the original mea-
surements. This level contains the ¢, and quality-control in-
dicators, which would typically be presented in a scientific
article or technical report.

4 Processing methods

We detail the best practices for the processing step as they
are applied to each NetCDF data level (Fig. 3). Our pro-
cessing choices were determined using the existing literature,
ATOMIX members’ experience, and testing of alternative
methods. The current benchmarks and proposed best prac-
tices are a starting point for eventual processing standards for
estimating ¢. Our intention is for future users to verify their
results at different data processing checkpoints, allowing the
quality of archived datasets to improve further over time.

4.1 Quality control of raw velocity measurements

A timeseries, recorded from one instrument, is stored as a
two-dimensional matrix where each column represents a ve-
locity component. The Level 1 flags are obtained by ap-
plying multiple quality-control processing steps to the raw
measurements. We note that several of the quality control
steps are applied to the velocities collected in beam coordi-
nates. However, in acoustic systems with three or four trans-
ducers, data is rotated into horizontal and vertical velocity
components by applying linear transformations to the data
in beam coordinates; thus, a “bad data” flag in beam coor-
dinates should generally also be applied when transformed
into the xyz coordinates. Below, we describe identification
of bad data and formation of the quality control flags as ap-
plied to the ADV benchmarks. The MAVS benchmarks have
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Table 1. Summary of setup, environmental conditions, and estimated € for benchmark datasets (Bluteau et al., 2025). The 2.5th, 50th and
97.5th percentiles for mean speed U are listed, while the range for € represents the 2.5th to 97.5th percentile.

Name Water z U T¢ (TFFT) sampling € Comments
depth rate
m m ms™~! S Hz w kgf1
Tidal 2.8 0.45 0.01,0.15,0.34 540 (135) 16 1x1077 to  Tidal slough deployment where the
slough 1x107 viscous subrange is occasionally
ADV resolved. Unstratified, but
shear-induced anisotropy
Tidal shelf 250 0.4 0.02,0.26,0.77 256 (32) 64 1x10~7to  Continental shelf deployment in a
ADV 1x 1074 Stratified bottom log layer. Dataset has
phase wrapping and flow-dependent
evidence of vortex shedding.
Under-ice 353 5 6x1072,0.03, 1024 (256) 8 3x107%to  Slow under-ice and weakly-stratified,
MAVS 0.06 7% 1078 boundary layer in deep water. The
instrument was suspended beneath
crystal-coated ice.
Tidal 20 1.45 09,1.0, 1.1 82.8 (20.7) 12.35 3x 1074 0 Strong tidal flows in shallow water.
MAVS 1x1073 Weak stratification
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Figure 3. Left shows the data processing workflow associated with hierarchical group stored in the NetCDF files. Level 1 begins with the
raw timeseries and its quality control flags that get segmented and stored at level 2. These segmented timeseries are converted into spectra at
level 3 so that the ¢ can be estimated to create the final timeseries at level 4.
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flags only at Level 4 for the € estimates. The primary data
quality issue for this instrument is vortex shedding from the
sampling rings.

4.1.1 Removal of low quality data

The most common indicators of low-quality data are ei-
ther low backscatter amplitudes or low signal-to-noise ra-
tios, which express the strength of the signal relative to
a background noise level (SNR = 201og 10(Asignat / Anoise))-
Critical cut-off values for discarding data are instrument-
and environment-specific. For the Nortek Vector used in the
benchmark datasets, the manufacturer recommends values
are 6 dB above the noise floor (around 50 dB) and 15 for am-
plitude and SNR, respectively (Nortek, 2018). In contrast, an
obstruction of an acoustic beam may manifest as high values
in both backscatter and SNR. This obstruction may be iden-
tified by a large difference in amplitude between the adjacent
acoustic beams, especially if another beam is obstructed.

ADV systems use pulse-to-pulse coherent technology in
which a pair of pulses separated by a known time lag are
emitted. The similarity between the measured echo of the two
pulses is assessed and reported as a percentage value, which
provides a further indication of data quality (Lohrmann and
Nylund, 2008). It is worth noting that coherence and ampli-
tude are functions of different parameters with varying sensi-
tives, and thus provide two separate measures of quality con-
trol. Low correlation values can be used to identify bad data;
but the converse is not necessarily true, that is, a large value
doesn’t indicate good quality data in all cases. A canonical
cut-off value of 70 % has been shown to generally reduce
variance within the dataset; however, values of 50 % are also
commonly used as a cut-off.

Our quality control data format provides users with the
ability to specify the threshold and rationale in the NetCDF
data file, which should also be described in the methods of
their scientific publications. We recommend that these addi-
tional user-defined flags also consider other data quality con-
cerns, e.g., the pressure sensor indicating that the instrument
was out of the water or change in pitch, roll, or heading in-
dicating that the instrument has moved. Once bad data has
been flagged, other QC measures such as phase unwrapping
and velocity despiking can be applied to improve data qual-

1ty.
4.1.2 Phase unwrapping

For pulse-coherent instruments, the Doppler phase shift can
only be determined from —m to w. For values outside this
range, when the along-beam velocity exceeds the ambiguity
velocity as set by the time-lag between pulses, “phase wrap-
ping” can occur. This effect manifests as a sudden and unre-
alistic change in velocities, which is usually also accompa-
nied by a change in sign. These “phase-wrapped” velocities
can sometimes be corrected for in beam coordinates by sub-
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tracting or adding twice the ambiguity velocity. Several algo-
rithms are available to transform phase-wrapped to actual ve-
locities with reasonable success (Han et al., 2018; Shcherbina
et al., 2018; Zippel et al., 2021a). However, it is nonethe-
less still preferable to set the nominal maximum velocity to
a sufficiently large value when programming the instrument
for deployment to reduce data processing issues (Rusello,
2009). This maximum velocity setting requires prior knowl-
edge about the expected velocities at a given site, which can
be gained through previous field studies, use of operational
tidal or hydrological predictions, or even specialised numer-
ical modelling for the site. The velocities from our different
benchmarks provide some examples for how velocities may
vary across environments (Table 1). For example, weak flows
under sea ice (Under-ice MAVS) to very strong flows in con-
stricted channels (Tidal MAVS). However, the velocities can
still be much higher than expected from modelling and previ-
ous studies. A prime example is the Tidal shelf ADV bench-
mark, which was programmed with an expected maximum
horizontal velocity of 0.8 ms~! which was expected to be
sufficient given the environment (0.4 m above the seabed in
250 m of water), but velocities over 1 m s~! were observed,
resulting in phase wrapping that needed to be addressed.

4.1.3 Despiking velocities

Short-lived transient spikes may contaminate velocity mea-
surements, often only a few samples in duration but with
different amplitude to the neighbouring “correct” signal. It
is critical to remove as many of these spikes as possible,
as they can dramatically alter the velocity spectra, which
are required for fitting the inertial subrange model. Spikes
in ADV measurements may manifest because of aliasing of
the Doppler signal, which happens when pulses are contami-
nated through reflection off complex objects and boundaries
(Goring and Nikora, 2002).

To despike ADV velocity measurements, we recommend
the median filter-based method described by Brock (1986).
This method was originally developed for atmospheric mea-
surements and was also recommended by Starkenburg et al.
(2016) review for despiking high-frequency atmospheric
measurements of carbon dioxide used to quantify vertical
turbulent fluxes. They found that the median filter was more
robust than other filters such as the commonly applied phase-
space thresholding method developed by Goring and Nikora
(2002). In particular, the median filter method (i) is better at
handling missing points, (ii) copes with the presence of low-
frequency coherent turbulent structures, and (iii) is less bi-
ased by spikes than other methods (Starkenburg et al., 2016).

The method requires a window length, over which to cal-
culate the median, and a threshold for spike identification.
The window length must be longer than the duration of
spikes, which can span consecutive samples but also must
be sufficiently short to compute a reasonable local median
(see Table 1 of Starkenburg et al., 2016). For the spike-
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identification threshold, we recommend a method that calcu-
lates a histogram of velocity differences between the original
minus the smoothed velocities (Brock, 1986). In this tech-
nique, the local minimums on either side from the center de-
fine the positive and negative thresholds, and velocity dif-
ferences exceeding these thresholds are deemed to be spikes
(Fig. 4).

4.1.4 Formation of data quality flags

Each step flags velocity samples that do not meet the quality-
control criteria. Each criterion uses binary (1/0) values that
are then transformed into a “bitwise” flag. The maximum flag
value depends on the number of criteria N used to assess
data quality. The overall value of the boolean flag increases
as the number of failed quality-control metrics increases. The
maximum possible value for the flag will be less than 2V,
which translates to 255 when eight quality-control metrics
are being evaluated (N, = 8).

To flag the raw velocities, we use an 8 bit boolean number
calculated from:

Ne
VEL_FLAG =) 277!, (®)
jel

where j is the flag number amongst those applicable to
each velocity sample. For example, I = {2, 5} if the second
and fifth quality-control flags apply to the velocity samples,
translating to a boolean value of 18. These boolean flags
allow tracking the state of multiple metrics simultaneously
while reporting only one number. A value of 0 means the ve-
locity sample was not flagged and thus is likely high-quality.
These boolean flags were designed with the Climate and
Forecast (CF) metadata conventions (https://cfconventions.
org/cf-conventions/cf-conventions.html#flags, last access:
11 March 2026) in mind.

Flags are identifiable in the NetCDF file by the FLAG suf-
fix appended to the variable name, i.e., XYZ_VEL_FLAG
for raw velocities collected in the instrument’s XYZ coordi-
nates, or EPSI_FLAG for € estimates (Tables Al and A4 in
Appendix A). We also included additional metadata in the
variables’ attributes. We added “flag thresholds” and “flag
thresholds meanings” to CF recommended “flag_meanings”
and “flag_masks” attributes (see Table 2). The “flag thresh-
olds” provide the thresholds associated with a given flag,
while the “flag thresholds meanings” briefly explain how
the thresholds are applied. These extra attributes allow fu-
ture users to revisit the flags, particularly the thresholds used,
and apply more stringent (or less stringent) thresholds at their
discretion. We also recommend that the these quality-control
flags be briefly described in the methods of publication, along
with the chosen thresholds for each flag.

Ocean Sci., 22, 893-921, 2026

4.2 Segmented timeseries

At Level 1, quality control of the raw velocity measurements
was completed. For the spectral calculations required to com-
pute &, (1) the measurements must be segmented in time,
(2) flagged data must be replaced, (3) the velocities must be
rotated into the frame of reference of the mean flow, and (4)
the rotated velocities must be detrended to calculate the ve-
locity fluctuations in the mean, transverse, and vertical direc-
tions.

The time series must be segmented before computing
properties of turbulence. Selecting the length of the segments
requires a balance between using sufficient data to resolve
the inertial subrange in wavenumber space, while still en-
suring stationarity of the turbulence. Stationarity implies that
the key properties of the flow do not change over timescales
shorter than the length of the segment. For many aquatic sys-
tems, this time scale is on the order of 5-15 min. If burst
sampling is used because continuous sampling is unfeasible
for the duration of the deployment, the segmenting consid-
erations discussed below should be incorporated into the ex-
perimental design, as each burst is typically considered a seg-
ment. However, it is possible to break up bursts into segments
if they are long enough (e.g., Tidal slough ADV benchmark
in Table 1). These choices are made at the data processing
stage for continuous time series.

The choice of segment length 7, for estimating the dis-
sipation impacts the resolvable wavenumbers of the inertial
subrange and ultimately the statistical accuracy of the final
spectrum to be computed. As described below (Sect. 4.3), a
fast Fourier transform (FFT) is used to convert the time se-
ries into frequency space. The number of velocity samples
Nrpr included in each FFT, the sampling frequency f;, and
the mean velocity U dictate the spectral resolution and the
smallest resolvable wavenumbers Ak:

s 1

NeerU — trerU

Ak = ©)
The duration of each FFT-length is given by tgrr = Nppr/ fs.
The low wavenumber and resolution that resolves theoreti-
cally at least one decade of the inertial subrange is given by:

~ 1
AR < :
70Lx

(10)

When a decade is resolved, ten spectral samples Ng are avail-
able for spectral fitting (Fig. 5b). This wavenumber resolu-
tion depends on the ¢ (Fig. 5a), while the FFT duration tppr
depends also on the mean speed past the sensor (Fig. 5c¢).
Increasing the tgpr by a factor of 10 allows for 100 spec-
tral samples to be theoretically resolved in the inertial sub-
range (Fig. 5b). Once a tppr is chosen, the total duration of
each segment (or burst duration) for estimating dissipation
T, > 27FFT, and preferably 7, > 3tgpr. These choices ensure
the spectra have sufficient statistical certainty (degrees of
freedom) for fitting (Bluteau, 2025a).
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Figure 4. Example of the despiking procedure adapted from Brock (1986). (a) Original velocities and smoothed signal obtained by applying
a median filter over 2 fs + 1 samples. (b) Histogram of the difference between the original and smoothed velocity timeseries during the first
despiking iteration. A power of 0.2 was applied to the number of samples n in each histogram bin for clearer visible confirmation of the
spike thresholds. The AU = 0 threshold for identifying spikes was determined from this histogram as the first instance where n = 0 above
and below AU = 0. In this example, the thresholds for accepting velocities as good is —0.056 m s7! < AU <0.051ms™ L. If no bins have
n =0, then the AU corresponding to the minimum # is used for setting despiking thresholds.

Table 2. Summary of the different boolean flags and thresholds used to flag raw velocity samples. This information is stored with the suffix
_FLAGS appended to the velocity variable name at the first processing level (Table A1). None of the MAVS datasets were flagged at level 1.
As contamination from vortex shedding impacts the quality of € estimates, these data are flagged at level 4.

Flag meanings Flag masks Flag threshold Flag threshold meaning
1. Low signal to noise ratio 1 10db Ratio is below the threshold.
2. Low amplitude 2 60 counts Amplitude is below the threshold.
3. Low correlation 4 70 Correlation is below the threshold.
4. Obstructed beam 8 40 Amplitude difference between adjacent beams is above the
threshold.
5. Spike 16 Sampling rate Median filter half-width number of samples (Brock, 1986). Set
to the sampling rate of the instrument.
6. Suspiciously large velocity 32 3 Sample exceeds the standard deviation by the set multiplying
factor.
7. User-defined 64 n/a User can optionally flag out-of-water samples, broken probes,
etc.
8. Phase-wrapped 128 n/a Replaced by unwrapped velocity
Total 255 if all eight
metrics are
used

n/a — not applicable.
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Figure 5. (a) Minimum FFT length scale ¢rp that must be resolved by the spectra as a function of ¢ and the number of fitted spectral
samples Ng. The lowest resolved wavenumber and resolution Ak = KEFlT. (b) The number of spectral samples available for fitting as a

function of the number of resolved decades § = log;( (% within the inertial subrange. (¢) Minimum FFT-length duration tgpT required

for resolving Ng = 10 spectral samples within the inertial subrange. Note (a) and (c) represent minimum lengths and durations since the
available bandwidth for spectral fitting may be reduced because of measurement noise and/or anisotropy.

With real observations, we recommend first selecting tgpT
from Fig. 5c using the lowest expected ¢ and a relatively low
U derived from the observations. The spectra can then be
estimated and plotted in wavenumber space against the the-
oretical velocity spectra in a similar format as Fig. 2. This
visual representation can immediately show whether the cho-
sen tppr is longer than necessary (e.g., Tidal Shelf High
Quality example in Fig. 2) or if the length needs to be ex-
tended because the high wavenumbers are drowned by noise.
The goal is to choose a tppr that is sufficiently long to re-
solve a decade of the inertial subrange throughout the en-
tire dataset. The duration trpr will be longer than necessary
when ¢ or U increases (Fig. 5¢). For our benchmarks, the
total segment duration varied from 82 s for the high-energy
Tidal MAVS benchmark to 1024 s for the low-energy Under-
ice MAVS benchmark (Table 1).

The Level 1 flags can exclude data points from further
analysis. Once the time series has been segmented, data
loss due to flagged points must be addressed before spec-
tral calculations. For spectral computations, these excluded
data points must be replaced in the time series as appropri-
ate. There are several strategies for replacing missing data,

Ocean Sci., 22, 893-921, 2026

including linear interpolation, using the variance of the sig-
nal (a technique commonly used in eddy covariance stud-
ies, e.g. Davis and Monismith, 2011), or using an unevenly
spaced least-square Fourier transform (i.e., no replacement
at all). These replacement strategies were trialed with one
of the cleanest benchmarks (Underice MAVS sampling at
8 Hz) with randomly removed data in varying length gaps.
For all tests, linear interpolation did the best job in recov-
ering the original spectra, followed by the unevenly spaced
techniques. From these tests, it is recommended that linear
interpolation replace missing points and record the percent
of good samples in each segment in the NetCDF Level 2 and
4 data. Segments with more than 10 % missing data should
be flagged and rejected (Table 3). The threshold chosen for
rejection should be recorded at Level 4 in the NetCDF file
within the EPSI_FLAGS metadata (Table A4).

To estimate ¢ from all the different velocity components,
the measurements must be rotated into the main direction of
the flow. In some instances, the instrument’s frame of refer-
ence may be aligned with the direction of flow, which is ideal
to account for the varying levels of anisotropy among com-
ponents (Gargett et al., 1984; Bluteau et al., 2011). If this
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alignment isn’t set, then the velocities’ measurement frame
must be rotated into that of the flow, which we refer to as
the analysis frame of reference. This process can be done
by using the time-averaged velocities in each segment. If
only the vertical velocity component will be used for cal-
culation ¢, then this step may not be necessary. The frame
of reference for velocity analysis is noted in the NetCDF
metadata within the Level 2 hierarchal group (Table A2).
These velocities should be stored at Level 2 in a 3-D matrix
UVW_VEL with dimensions [N_SEGMENT, N_SAMPLE,
N_VEL_COMPONENT] with the rotation method (if any)
for obtaining UVW_VEL velocities noted in the Level 2
metadata. Each N_SEGMENT are associated with a unique
timestamp taken at the mid-point of each segment and stored
in the TIME variable. We also store at Level 2 the variables
ROT_AXIS and ROT_ANGLE, which can be used for ro-
tating velocities from the measured coordinate system (e.g.,
XYZ_VEL) into the analysis frame of reference UVW_VEL
(Table A2). This information is helpful for recovering the ve-
locities of each segment in the original frame of reference.

4.3 Spectral observations

The parameters chosen when computing spectra can restrict
the range of resolved wavenumbers, thus impacting the suit-
ability of the spectra for estimating dissipation rates . In par-
ticular, spectra must resolve as much of the available inertial
subrange as possible (Fig. 2) while considering how mea-
surement noise may dominate the high wavenumbers close
to the viscous subrange, which tend to be more isotropic than
low wavenumbers. These choices also impact the statistical
reliability of the velocity spectrum, and thus g obtained from
fitting algorithms as well as the accuracy of the spectral slope
estimates (Bluteau, 2025a) — a quality-control indicator pre-
sented below in Sect. 4.6.

Our recommended spectral averaging involves splitting
the time series into Ny subsets that are 50 % overlapped
and windowed using a Hanning function (see Sect. 3.3 of
ATOMIX paper on shear probes for review of spectral aver-
aging; Lueck et al., 2024). An FFT is applied to each win-
dowed subset before computing the squared magnitude to
get the power spectral density estimates (Chap. 8 for pwelch
methods; Percival and Walden, 2020). These power spectral
density of all subsets are then averaged together to yield the
spectra used for estimating . When computing spectra from
50 % windowed time series with a Hanning (cosine) window
results in degrees of freedom d:

d:cNf=c<2t8 —1) (11)

TFFT

with ¢ =1.9 (Eq. 416 of Percival and Walden, 2020) or
¢ =1.92 according to Nuttall and Carter (1980). With our
suggested segment duration of T, > 3tgpr (Sect. 4.2), Ny > 5
since Ny = 27, /trrr — 1. The resulting spectral observations
will have about 10 degrees of freedom, i.e., d &~ 10. This rec-
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ommendation is based on log-based fitting methods returning
¢ within a factor of about 1.5 of the actual value when applied
to synthetic spectra with d = 10 (Bluteau, 2025a).

4.4 Estimates of turbulent kinetic energy dissipation ¢

We now discuss obtaining ¢ from the spectral observations,
which involves spectral fitting Eq. (2) to the wavenumbers
within the inertial subrange. We will focus first on the fitting
methods before addressing how to identify the wavenumbers
that belong to the inertial subrange, as these wavenumbers
depend on ¢ — the sought quantity.

4.4.1 Spectral fitting techniques

We considered six methods to fit the model W;(k) to the
spectral observations ®;(k), and subsequently estimate .
Four methods fit the model spectra directly to the spectral
observations, while the two remaining methods fitted log-
transformed spectral observations by minimizing the sum of
squared residuals or minimizing the sums of the absolute
residuals (logLSQ and logLAD methods in Bluteau, 2025a).
Of the four methods applied directly against the spectral
observations, two methods minimized the sum of squared
residuals using a gradient or gradient-free minimization al-
gorithms (power and LSQ methods in Bluteau, 2025a). The
third method in this category minimized the absolute resid-
uals using the same gradient-free minimization as the LSQ
method (LAD method in Bluteau, 2025a). The fourth method
tested relied on the maximum likelihood estimator and pre-
sumed statistical distribution of the spectra (MLE method in
Bluteau, 2025a). The full details of the methods and their as-
sessment against synthetic spectra are described in Bluteau
(2025a). Spectra were synthesized by specifying ¢ in Eq. (2)
and adding uncertainty to the spectra via two different sta-
tistical distributions (Bluteau, 2025b). The sensitivity of the
fitting methods was also evaluated against the uncertainty
(smoothness) of the spectral observations, the number of
spectral samples Ny, and the decadal range:

8 =logo (kn/k1) (12)

between the first k; and the last ky fitted wavenumber
(Bluteau, 2025a).

From that analysis, we recommend using fitting meth-
ods applied to log-transformed spectral observations. These
methods returned more accurate results than those applied
to untransformed spectra (Figs. 3 and 4 of Bluteau, 2025a).
These methods were less sensitive to outliers that might
be introduced in the spectra by unremoved spikes in the
raw timeseries. Specifically, we recommend minimizing the
least-absolute deviation (residuals) between the fitted model
and the observations (logLAD method in Bluteau, 2025a).
This method requires no assumption about the statistical dis-
tribution of the observations, unlike least-square regression,
which expects normally distributed data. Minimizing the ab-
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solute residuals is considered less mathematically stable than
least-square regression (Tercan, 2021). However, since only
the intercept By that best fits the log-transformed spectral ob-
servations @(k) is required; the technique amounts to:

Bo = median [In(¥;) — B In(k;)]. (13)

The spectral slope B is set to the expected value of —5/3
for the inertial subrange (Eq. 2), and i denotes each observa-
tion in the spectra. Linear least squares would take the mean
of Eq. (13) rather than the median. Both least-square regres-
sion and least-absolute deviation performed well against the
synthetic spectra (Bluteau, 2025a). However, the estimated
¢ from least-absolute deviation were less biased than other
methods, especially for spectra with low degrees of freedom,
i.e., high degrees of uncertainty because of limited spectral
averaging from using short segments ..
From the fitted intercept B\O we can estimate € using:

3/2
o <exp<ﬂo)) | )

ajCx

where a;Cy are the constants already defined above for the
inertial subrange model (Eq. 2). Using the logLAD fitting
method and FFT-lengths that are 1/4 of the segment length
(d ~ 14), the estimated ¢ is expected to be within 43 % of
the actual ¢ if ten samples are fitted over one decade (Figs.
3 and 4 of Bluteau, 2025a). This error reduces to 15 % when
the number of samples increases to 100, which tends to occur
when the fit falls at wavenumbers nearing the high wavenum-
ber limit of the inertial subrange.

The synthetic spectra were also used to evaluate the abil-
ity of the fitting technique to estimate the spectral slope /’3\1
(Bluteau, 2025a). The spectral slope estimates help flag spec-
tra that do not exhibit a clear inertial subrange because of
poor data quality, low energy, and anisotropy, or simply be-
cause the sampling protocol or spectral averaging cannot re-
solve the inertial subrange. The latter occurs when sampling
too slowly or using fft-lengths that are too short to resolve the
entire inertial subrange (Sect. 4.3). As with the estimation
of ¢, the methods applied to the log-transformed data were
better at recovering the spectral slope B; than those used to
untransformed data. The logLAD method was less sensitive
to outliers than the least-square regression (Bluteau, 2025a).
The logLAD method involves minimizing the sums of abso-
lute residuals rather than the sums of squared residuals (see
Egs. 7 and 4, respectively of Bluteau, 2025a).

Ocean Sci., 22, 893-921, 2026

4.4.2 Locating the inertial subrange in spectral
observations

A primary challenge in obtaining # is identifying the spec-
tral wavenumbers that most likely belong to the inertial sub-
range, as these wavenumbers depend on € — the sought quan-
tity. Additionally, the location in wavenumber space also de-
pends on the mean speed past the sensor U when converting
timeseries into spatial spectra. With appropriate choices for
data sampling, segmenting (Sect. 4.2), and spectral averaging
(Sect. 4.3), this step amounts to avoiding the low wavenum-
bers dominated by anisotropy and the high wavenumbers
dominated by instrument noise. Other wavenumbers to avoid
are those impacted by vortex shedding off instrument frames
(e.g., Under-ice MAVS in Fig. 2), or surface waves.

We evaluated four strategies for identifying the inertial
subrange within the spectra by adding white noise to the
same synthetic spectra used to test fitting methods (Bluteau,
2025a, b). The two first strategies require computing the ab-
solute deviation between each of the fitted log-transformed
spectral observations and its log-transformed model spec-
trum given by Eq. (2):

AlogW; = |log ¥; — log ¥, | (15)

and then taking the mean or median of these deviations
across different subsets of wavenumbers (Fig. 6d, e respec-
tively). The third strategy estimated the mean absolute de-
viation of @,- /W¥; (Eq. 24 of Ruddick et al., 2000). Our
fourth strategy estimated € and the spectral slopes El over
short wavenumber subsets of the spectra (see Fig. 6¢). The
wavenumbers with the estimated slope closest to the ex-
pected B; = —5/3 for the inertial subrange are then selected
to calculate the spectrum’s final €. The other three methods
situate the inertial subrange over the wavenumbers that yield
the minimum value for the calculated statistics.

The slope method was recommended because it performed
slightly better than the other three against synthetic spectra
of Bluteau (2025b) for which we added white noise floor to
mimic the impact of instrument noise on observed spectra.
The slope method tended to situate the inertial subrange at
lower wavenumbers than the other three methods even when
the synthetic spectra were further flattened by adding white
noise at low wavenumbers. This additional flattening crudely
replicated the narrowing of the inertial subrange when the
energy containing range begins to impinge on the inertial
subrange (e.g., k <1 cpm for Tidal Shelf ADV example in
Fig. 2). We note, however, that all four methods generally
situated the wavenumbers within the inertial subrange of the
synthetic and real spectra (e.g., Fig. 6¢c—e). Overall, we rec-
ommended the slope method because it performs slightly bet-
ter than the other methods, while the estimated slope S is
required later for flagging of  at level 4.

In practice, the user must select the size of each subset, in
addition to the wavenumber overlap for each subset within
the spectra. For our benchmark datasets, we used an overlap
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Figure 6. Example of locating the inertial subrange from (a) the spectra of two velocity components collected concurrently in the Tidal Shelf
ADV. (b) Deviation of the estimated €/spest from each subset that included a decade’s worth of spectral samples. epeg; is the € that yields the
spectral slope B\l closest to the expected —5/3 presented in (¢) in the vertical velocity direction. The top secondary x-axis in (a) shows the
non-dimensional wavenumber based on the epeg; estimated from the vertical component that was less impacted by measurement noise. (d)
Mean of the absolute deviation between the log-transformed spectral observations and the fitted value over each subset (Eq. 15). (e) Same
as (d) but taking the median instead of the mean. The triangles in both (d) and (e) represents the median wavenumber where the most likely
wavenumbers representing the inertial subrange would be identified from these two methods.

equivalent to 1/20 of a decade, but other users may prefer
shifting the window by one spectral sample at a time. We rec-
ommend a minimum decadal wavenumber range of § = 0.8
and that each fitted subset includes at least ten samples, espe-
cially when § < 1 (Bluteau, 2025a). Users may also specify
a maximum kp,x and minimum wavenumbers ki, that can
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be fitted upon inspection of the spectral observations (e.g.,
Fig. 2). For example, kyax ~ 27/ Ly, where Ly, is the distance
to the nearest boundary, while kpi, &~ /€ depends on the
dimension £ of the sampling volume of the instrument. For
each subset, the estimated €; is used to calculate Lk, and
verify whether the fitted wavenumbers are within the inertial
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subrange. The user may provide some allowance, but we rec-
ommend ensuring that the median fitted kpeq is within the in-
ertial subrange, i.e., kmeq < 0.1/Lx. Spectra for which none
of the fitted subsets satisfy this requirement were flagged (see
Sect. 4.6).

4.4.3 Impact of noise on ¢ estimates

In some instances measurement noise may adversely impact
the estimated ¢, and render the spectra unusable for esti-
mating turbulence quantities. The drowning of the inertial
subrange by noise is particularly common in low-energy en-
vironments such as the ocean interior or in lakes. To deal
with this issue, some authors have presumed the shape of the
noise spectra to either remove it from the spectral observa-
tions (e.g., Davis and Monismith, 2011), or add the presumed
noise shape to the model used for fitting the unaltered spec-
tral observations (e.g., Ruddick et al., 2000). The former is
challenging because measurement noise levels change with
the flow conditions and must be estimated from the spectra
itself (see Voulgaris and Trowbridge, 1998). The noise floor
can be particularly hard to estimate in high energy flows be-
ing drowned by the signal. The latter method has the same
challenges but prevents us from using spectral fitting meth-
ods applicable to log-transformed spectra. Rather than use
these strategies, we recommend comparing the estimated &
to the minimum &, when the corresponding theoretical spec-
tral energy levels in the inertial subrange (Eq. 2) exceeds the
noise floor &, (Bluteau et al., 2011):

o, \*2 5
L I e 16
Em (ajck) (16)

This recommendation is based on the relatively low positive
bias introduced when leaving the noise “as-is” in the spectra
(Fig. 7). The noise floor @, typically appears as white noise
(flat) in velocity spectra and can be estimated by averaging
the energy levels of the highest wavenumbers where /’3\1 ~ 0.
Equation (16) depends on the fitted wavenumbers k and can
be generalized further as a function of the smallest turbulent
length scales Lk defined in Eq. (3) (Bluteau et al., 2011):

k:i:L 17)

Lk~ (v3/e)*
The inertial subrange corresponds to o <0.1. Substituting
this relationship for k into Eq. (16) yields the following min-
imum &y

2003 / @ \4
sm=“—< “). (18)

l)s ajCk

This equation demonstrates that noise is most detrimental
when fitting wavenumbers approaching the theoretical high
wavenumber bound of the inertial subrange (0 =kLkx =
0.1). The minimum resolvable ¢, can be viewed as the mea-
surement detection limit. The limit increases with noise lev-
els, albeit the increase is amplified when when fitting large
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wavenumbers i.e., k close to the beginning of the viscous
subrange (Fig. 7). For example, the inertial subrange sits
above the noise floor for ¢ > 10~/ Wkg~! at wavenum-
bers ten times smaller than the highest within the iner-
tial subrange (o =0.01) provided the noise levels &, are
less than 107 m?s~2 (radm~—1)~! (Fig. 7a). However, if fit-
ting the highest wavenumbers within the inertial subrange
(o = 0.1), the spectra sit above the noise floor only if &, <
2x 1078 m?s72 (radm~")~! (Fig. 7b).

By leaving the noise floor “as-is” in the spectral observa-
tions, a positive bias occurs when estimating . The over-
estimation is in addition to other errors associated with spec-
tral fitting techniques described above. When ¢ & &, the es-
timated € over-predicts the prescribed value ¢ by a factor
of 3 (circles in Fig. 7). When € ~ 100s,, the estimated &
over-predicts € by a factor of 1.5 (squares in Fig. 7). These
positive biases are relatively small compared to the range
of ¢ encountered in environmental flows, especially consid-
ering how quickly the bias lessens when including lower
wavenumbers (a < 0.1) in the fit. Hence, the biases shown in
Fig. 7 are conservative when « is determined from the largest
fitted wavenumber k.

To flag overly noisy spectra with Eq. (18), the user
must estimate the spectral noise floor ®, from the obser-
vations. For our benchmarks, ®, was calculated as the av-
erage spectral energy levels over the last § = 0.1 decadal
range or the last 30 spectral samples, whichever leads to
a larger number of averaged samples. The resulting &, is
stored as SPEC_NOISE_UVW in the same units as the
spectra from which the average was determined at Level 3
UVW_VEL_SPEC. The spectral noise estimate @, is used
with the maximum fitted wavenumber &y stored in K_BNDS
and the estimated dissipation € stored in Level 4 to es-
timate ey using Eq. (18). The estimated e, is stored as
MIN_EPSI_NOISE at Level 4 so that this value can be used
to generate quality control flags for € in Sect. 4.6.

4.4.4 Flow interference

Nearby instrument frames may obstruct the flow or shed vor-
texes, contaminating the velocity observations. This contam-
ination is often recognizable as a narrow band peak in the
velocity spectra when the frame obstruct the flow upstream
of the sampling following (Fig. 2). In this situation, the con-
tamination frequency f. can be determined from the Strouhal
number Sr:

U
fe=0213 (19)

for high Reynolds flow (Sr = 0.21, Kundu, 1990). The fre-
quency of the disturbances increases with decreasing diame-
ter D of the obstruction or an increase in the velocities past
the frame U These disturbances are typically associated with
a specific flow direction relative to the instrument’s frame of
reference. Hence, if the instrument is fixed in space, the flow
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Figure 7. Over-estimation of € as a function of noise level ®;, and wavenumber fitted. The fitted wavenumber in (a) corresponds to & = 0.01;
in (b), to @ = 0.1, the high wavenumber & limit for the inertial subrange. The circles show the minimum resolvable dissipation ey (Eq. 18).
The dashed line indicates that the inertial subrange sits below the noise floor; thus, € cannot be resolved. Lx is the Kolmogorov length scale

that defines the smalles turbulent scales (Eq. 3).

direction can be used to identify when vortex shedding is
potentially contaminating the velocity spectra, Alternatively,
near boundaries, the estimated € can be compared to the pre-
dicted values for the log-law of the wall and the flow direc-
tion (see Fig. 4 of McGinnis et al., 2014). This contamina-
tion may occur at wavenumbers higher than those within the
inertial subrange, as apparent in the first 25 min of the Tidal
Shelf ADV benchmark. The flow disturbances will sometimes
be significant enough to increase energy levels within the in-
ertial subrange. Thus, it is preferable to avoid the problem
by placing the sampling volume of the instruments far from
the obstruction. A common rule of thumb is leaving a space
larger than ten times the diameter of the obstruction between
the frame and the sampling volume. When the sampling vol-
ume is obstructed, € will be over-estimated downstream of
the disturbance (see Fig. 4 of McGinnis et al., 2014).
Another contamination source specific to the MAVS ve-
locity sensor is the rings that house the acoustic transduc-
ers. These rings shed vortexes, contaminating the velocity
measurements. This contamination affects most directions
transverse to the instrument’s main shaft. For a horizontally
mounted instrument, such as our Tidal MAVS benchmark, the
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longitudinal direction was the least affected by the rings’ vor-
tex shedding (Hay et al., 2013). In contrast, the transverse
direction was the most affected. The other Under-ice MAVS
benchmark was mounted vertically on a rod lowered beneath
the ice. The vertical velocity direction was the least affected,
followed by the longitudinal, although the vertical compo-
nent still shows evidence of a high-frequency flow distur-
bance in its spectra (Fig. 2). Our quality-control metrics be-
low include optional flagging for € estimates affected by flow
disturbances.

4.5 Confidence intervals for &

Given the above recommendation for fitting the spectra using
the least-absolute deviation method, we suggest creating con-
fidence intervals on € using bootstrapping techniques (Davi-
son and Hinkley, 1997). The advantage of bootstrapping is
that no assumption is made about the statistical distribution
of the observations. Bootstrapping involves resampling the
dataset and recomputing the desired statistics to provide a
distribution of estimates, from which confidence intervals
can be obtained. For our application, we bootstrapped the
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fitted EO since it is used to estimate € from Eq. (14). This
step is achieved by resampling the residuals r between the
log-transformed observations (In W) and the best-fit Sy:

~ [~ 5
ri=InW; — (ﬂo - §1nkl-) (20)

and adding them to the best-fit line in log-log space to create
anew dataset InW:

~ ~ 5
InW; =fi+(ﬂo—§lnki>, @1

where i represents an observation and 7;, the bootstrapped
residuals. The new spectral log-transformed spectra InW¥
are refitted with Eq. (13) to obtain a bootstrapped ,B\o esti-
mate. The resampling of residuals and fitting are repeated
many, typically more than 1000, times (Davison and Hinkley,
1997), to obtain a collection of bootstrapped Sy estimates for
a given velocity spectrum, and thus € estimate. Finding the
2.5th and 97.5th percentiles from the collection of B\O pro-
vides the 95 % confidence interval. These percentiles are then
substituted into Eq. (14) to obtain the confidence levels for €.
In the benchmark datasets, we obtained the 95 % confidence
intervals for each & estimate by resampling the residuals and
refitting 1000 times In ¥ (Eq. 21).

4.6 Quality-control considerations and flags

Similarly to the raw velocities at Level 1, we assess our € es-
timates against multiple quality-control metrics. The results
of this assessment are stored using an 8 bit (N, = 8) boolean
flag calculated with the same equation as for our raw veloc-
ities (Eq. 8). Thus, the maximum flag value is 255 when all
eight quality-control metrics apply to a given & estimate. The
use of boolean codes allows for flagging estimates for one or
multiple reasons at once. This number is stored at Level 4 as
EPSI_FLAGS. Below we describe each metric individually,
which are summarized in Table 3.

4.6.1 Non-stationarity

Our first metric presents the results from testing the station-
arity of turbulent velocities. Both spectra computations and
the inertial subrange model rely on the assumption of sta-
tionarity. The test is applied to each velocity component sep-
arately. For this purpose, we used the nonparametric test by
Bendat and Piersol (2000), which involves calculating two
statistics (standard deviations and average) over shorter sub-
sets of each velocity timeseries segment (of duration 7). We
then compare the number of runs (crossings) of each statis-
tic about its average to the expected values in Table A.6 of
Bendat and Piersol (2000). For this evaluation, the user must
choose the significance level and the number of subsets to
subdivide each segment. We used 20 subsets and a 95 %
level, resulting in an acceptable number of runs between 6
and 15. We flagged € as non-stationary if the number of runs
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for the standard deviation and means for the velocity segment
are outside the expected range.

4.6.2 Violation of Taylor’s frozen hypothesis

The second quality metric focuses on Taylor’s frozen turbu-
lence hypothesis. We recommend flagging € estimates asso-
ciated with low advection velocities U relative to the root
mean square of the turbulent velocity fluctuations along the
direction of mean advection u;mys. This condition translates
to flagging & associated with u;ms/U exceeding a threshold

Ta:

u
%ns > Tq. (22)

We suggest 7 = 0.33 based on the work of Pécseli and
Trulsen (2022) who showed that the error for € for this value
is about 10 %. Larger errors are expected when 2 increases
(see Fig. 12 of Pécseli and Trulsen, 2022). Thus, 7x could
be increased but it should always remain smaller than 1.
The chosen threshold should be specified in the metadata of
EPSI_FLAGS accompanying the € estimates as detailed in
Table 3.

4.6.3 Noise-dominated spectra

The third flag considers whether the fitted spectra are
drowned by noise. This criteria involves calculating the mini-
mum resolvable ey, using Egs. (17) and (18) from the dissipa-
tion € estimates, the maximum fitted wavenumber ky,x, and
the estimate of the spectral noise floor ®, (see Sect. 4.4.3).
The estimated € is compared to the minimum resolvable &y,.
Dissipation estimates are flagged as being drowned by noise
when the ratio between these two quantities is less than the
user-defined threshold 7y:

o~

LT (23)
€m

The threshold 7, must always be larger than one and speci-
fied in the € flag’s metadata (see Table 3). We suggest T, = 3
owing to the positive bias shown when the highest wavenum-
bers of the inertial subrange sit near spectral observations as
illustrated in Fig. 7).

4.6.4 Spectral slope outside expected range

Our fourth flag involves estimating the spectral slope ,E] from
the observations to identify spectral slopes that deviate too
much from the expected —5/3 value (thus rendering suspect
the associated estimate of ). These deviations may occur
because of excessive noise, anisotropy, or other contamina-
tion (e.g., vortex shedding). An estimated slope that devi-
ates from —5/3 can also occur when the slope is actually
—5/3 due to statistical variability of the computed spectra
d, the number of spectral points Ny used for the fitting, and
the decadal range ¢ fitted (Figs. 7 and 8 of Bluteau, 2025a).
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Table 3. Summary of the different boolean flags and thresholds used to mask e estimates, stored as EPSI_FLAGS variable in the 4th
processing level within NetCDF file.

Flag meanings Flag masks Flag threshold Flag threshold meaning

1. Non-stationary 1 20 subsets Number of subsets used for calculating runs. The acceptable number of
runs is in between 6 and 15 when subdividing the dataset into 20
subsets.

2. Failed Taylor 2 Tg in Eq. (22) Ratio is above the acceptable threshold 7Ty = 0.33 (Pécseli and

hypothesis Trulsen, 2022).

3. Noise dominated 4 Ta in Eq. (23) Ratio ¢ /ey is below the acceptable threshold. A low ratio implies the

spectra high wavenumbers of the inertial subrange are drowned by noise.

4. Poor spectral slope 8 A in Eq. (24) Smaller A reduces the range of acceptable slopes B\l for an inertial
subrange.

5. Missing velocity 16 Tp=10% Maximum permissible percentage of missing velocity samples in a

samples segment.

6. Anisotropic 32 Ta in Eq. (25) Ratio of largest to smallest turbulent overturns too low for the spectra

(optional) to exhibit a well-defined isotropic inertial subrange. May require
information about the background shear and/or stratification,
especially if far from a boundary.

7. Outside inertial 64 Eq. (26) Estimated € places the fitted k within the viscous subrange.

subrange

8. User-defined 128 Example of user-defined metrics could be outliers in the € timeseries,
contamination from vortex shedding shedding, etc.

Total 255 if all eight metrics are used

Their results were obtained by fitting the inertial subrange to
3200 synthetic spectra (100 spectra per degrees of freedom
tested) with uncertainty generated using the Xﬁ—distribution
(Bluteau, 2025b). Figure 8 recasts their results in a different
form to show that the estimated 99.7 % bounds can be repre-
sented by:

—~ A
B> pi+ Wer A (24)
with empirical estimates of A ranging between 7 to 17. The
maximum A from the numerical experiments was about 17
for Ny =100 and § =1 (Fig. 8). This A denotes the maxi-
mum deviation obtained from the expected 1 =5/3 when
fitting idealized velocity spectra.

We chose this maximum A = 17 to flag € with spectral
slope estimates that fall outside the bounds given by Eq. (24).
Reducing A would render the threshold more stringent, flag-
ging an increased number of € estimates. Users should al-
ways specify their choice of A in the metadata of the Level 4
NetCDF quality-control € flags (EPSI_FLAGS in Table A4).
This information in combination with the variables for esti-
mating the acceptable bounds (8, N, and d in Eq. 24) should
be also stored as variables at Level 4 to enable other users to
re-flag € if desired (see Table A5).

https://doi.org/10.5194/0s-22-893-2026

4.6.5 Missing too many samples

Our fifth flag involves identifying segments with significant
data loss during the quality-control of raw velocities, which
render the spectra unreliable for estimating & (Sect. 4.1).
Limited testing involving the random removal of velocity
samples from our benchmarks showed that spectral shapes
deviate considerably from the original when more than 10 %
of samples are removed. As the percentage of data loss in-
creases, the interpolated time series yield spectra with in-
creased energy levels at low k and decreased energy at high
k. We suspect acceptable data loss depends on data quality
(i.e., noise levels) and underlying turbulence captured in the
original time series. We thus recommend users specify their
threshold 7p for the maximum percentage of data loss in the
segment after quality-controlling the raw velocities. For our
benchmark datasets, we use 10 % as the minimum percent-
age of good samples in a segment.

4.6.6 Spectral anisotropy

The sixth metric is for flagging € estimates associated with
low energy turbulence, resulting in anisotropic spectra. This
flag is not for excluding anisotropic spectra, when one ve-
locity component is more impacted by the flow properties
than the others. This impact manifests itself as flatter spectral
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Figure 8. Estimated A from computing spectral slopes /’3\1 using the logLAD method on the X(% distributed synthetic spectra dataset Bluteau
(2025a, b). The thick lines provide the 99.7 % bounds (0.15th and 99.85th percentiles) for the numerical experiments when changing the
number of samples Ng and decadal range § fitted. Results are scaled by the expected standard deviation of )(3 distributed samples (v/2d) in
addition to 84/Ns. This figure illustrates that deviation of ,B] from the true value 1 = —5/3 scales approximately with 6+/2d Ng. There were
3200 synthetic spectra fitted for each series of numerical experiments (100 spectra per degrees of freedom tested)

slopes at low wavenumbers preferentially in one direction
compared to the others (e.g., Wy, vs. W, for k < 8rad m !,
Fig. 6). This feature does not render the spectra unusable for
estimating ¢ until the turbulence becomes so weak that the
scales of the energy containing subrange start approaching
those at the high end of the inertial subrange. The spectral
slopes may start to deviate from the —5/3, but oftentimes a
—5/3 slope still exists but its energy levels drop below those
expected for isotropic turbulence (Eq. 2). Spectra are con-
sidered too anisotropic when the ratio L/Lx is small, which
results in underestimating €.

This flag is optional as it typically requires an estimate of
the largest turbulent overturns L (see Sect. 2). The size of the
large overturns depends on the mean flow characteristics and
so necessitate measuring the background stratification (Lo,
Eq. 5) or the background shear (Lg, Eq. 6) unless the distance
from the boundary is a suitable alternative for L (Eq. 7). To
flag this issue, we compare the ratio L/Lg to a user-defined
threshold 7a:

L
— < Ta.
g A

The threshold 74 depends on the chosen measure for L and
the velocity component (see Bluteau et al., 2011, for an ex-
tensive review). The longitudinal direction tends to have a
broader inertial subrange than the vertical and transverse di-
rections. We recommend a similar threshold 75 = 100 to

(25)
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Bluteau et al. (2011), noting that higher thresholds might
be necessary when the transverse or vertical components are
used to estimate €. The user should specify the definition of
their largest L and the threshold T, for flagging the data in
the EPSI_FLAG metadata. For our benchmarks, this length-
scale was set L = x Ly, and stored as at level 4.

4.6.7 Fit located outside inertial subrange

The seventh flag identifies spectra when most fitted
wavenumbers sit outside the inertial subrange. This situation
arises when the median fitted wavenumber kpyeq during the
search of the inertial subrange (see Sect. 4.4.2) are high and
always lies within the viscous subrange:

kmed 2, — (26)

Lg

(Pope, 2000). This situation typically arises when the speed
past the sensor is very slow, or the spectra are very noisy,
such that the algorithm places the inertial subrange at very
high wavenumbers.

Alternatively, the fitted wavenumbers may be too small
and thus outside the inertial subrange. This situation will
arise if the inertial subrange is unresolved because the sam-
pling frequency is too slow or the largest overturns’ are neg-
ligible. For the benchmarks, these wavenumbers are those
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smaller than those dictated by the distance to the nearest
boundary (see Fig. 2).

4.6.8 User-defined flags

The last flag is reserved for missing ¢ estimates or any other
user-defined flag. For example, the user may flag data loss
onboard the instrument, € outliers in the time series, or per-
haps unrealistically different € between velocity components.
Occasionally, all components will yield 2 estimates, passing
all quality control criteria, but significant differences still ex-
ist between components. This situation may occur, for in-
stance, because of vortex shedding from nearby flow obsta-
cles (Sect. 4.4.4). We used this user-defined flag to denote
velocity directions from the MAVS benchmark datasets that
were impacted by vortex shedding.

4.6.9 Final ¢ estimates

In the NetCDF file, a final estimate for & is stored as a
1d timeseries EPSI_FINAL. This parameter is effectively
the “best” % issued from the data processing and flagging
with the EPSI_FLAGS. There can often be large differences
in dissipation estimates among the three velocity compo-
nents caused by differing impacts of noise, anisotropy at low
wavenumbers, and vortex shedding on the spectral observa-
tions. Thus, we select one of the velocity component to pro-
duce the final € estimates, and document the choice in the
EPSI_FINAL metadata.

5 Application of methods to benchmark datasets

We illustrate the methods, common data quality issues,
and the application of quality-control flags for our Tidal
Shelf ADV benchmark. The quality-control thresholds and
processing choices are summarized in Table 4 for our
four benchmarks. The velocities’ “legged” appearance was
caused by setting the velocity range below the maximum
observed during deployment. This issue is rectified once
beam velocities are unwrapped. These velocities were stored
as XYZ_VEL_UNWRAP at level 1, and once quality-
controlled, they are segmented and included in the NetCDF
file at level 2 (Fig. 3 and Table Al). This dataset was high
quality as the data return was more than 85 % for all seg-
ments (Fig. 9c). The most significant data loss coincided with
the period of strong flows when many velocity samples were
phase-wrapped. Despite the unwrapping, some poor velocity
samples remained and were flagged using the 5 and 6th flags
that denote spikes and suspiciously large velocities in Ta-
ble 2. These samples appeared in the timeseries as having ve-
locities flags totaling 160 and 176, respectively (Fig. 9¢). For
this dataset, the 8th flag, denoting phase-wrapped samples,
was not used to discard velocity samples since these were
unwrapped before segmenting. This flag yielded a boolean
value of 128. Velocity samples were only discarded if flagged

https://doi.org/10.5194/0s-22-893-2026

for any other reason. Only samples with flag values greater
than 0 and not equal to 128 were replaced using linear inter-
polation at level 2 (see Sect. 4.3). This interpolated dataset
was then split into 256 s long segments with a 25 % overlap
between adjacent segments and stored in the Level 2 group
within the NetCDF file.

The Level 2 segmented and quality-controlled data were
then used to calculate the spectra stored in the NetCDF file
at Level 3. Spectra from four different segments of the 7idal
Shelf ADV benchmark are illustrated in Fig. 10. This bench-
mark displayed evidence of vortex shedding when velocities
were directed at 220° relative to the instrument’s frame of
reference and exceeded 5 cm s ™! (segments 1 to 7). However,
the shedding was well outside the inertial subrange (100 cpm,
Fig. 10a), so € was not flagged for this criteria.

The spectra from segments 8 through 10 were not im-
pacted by vortex shedding because the flow was too weak
despite the velocities being oriented in the right direction to
contaminate the measurements (see segment 10 in Fig. 10b).
In this second example, the € estimates of all velocity com-
ponents were nonetheless flagged for failing the Taylor Hy-
pothesis criteria and for most of the spectra sitting within
the theoretical viscous subrange based on the fitted € (2nd
and 7th flags, respectively, in Table 3). Combined, these two
flags translate to a boolean value of 66 for the longitudinal
and transverse ¢ flag stored at level 4 (Eq. 8). The vertical
component had a larger flag of 67 because it was also deemed
non-stationary (1st flag in Table 3).

For our third example, € estimates from the transverse and
vertical components received a boolean ¢ equal to 32 (Fig.
10c). This value translates to applying the 6th flag, concern-
ing turbulence anisotropy (I € 6 in Eq. 8). For this dataset,
we used a threshold of 75 = 100 to identify segments that
were too anisotropic to yield a reliable € estimate (Eq. 25, Ta-
ble 4). The longitudinal component passed the condition for
being sufficiently isotropic, while passing all other quality-
control criteria (EPSI_FLAG = 0).

Our fourth and final example received an EPSI_FLAG of
8 in the longitudinal velocity component (Fig. 10d). This
boolean code implies that this segment failed the 4th crite-
rion, which indicates that the spectral slope 1 = —0.83 (Fig.
11e) was outside the expected range based on Eq. (24). For
this computation, we used d = 28.5 for the spectra’s degrees
of freedom, N = 32 for the number of fitted samples, and § =
0.8 for the decadal range fitted. The other two velocity com-
ponents passed all quality-control criteria (EPSI_FLAG = 0).

Despite not flagging any of the € from the Tidal Shelf ADV
for vortex contamination, this contamination source did im-
pact the reliability of € of other benchmarks. For example,
we flagged all of the MAVS % estimates obtained from ve-
locity components perpendicular to the instrument’s shaft.
This step translates to flagging all the Tidal MAVS & esti-
mates, which were not from the transverse (y) direction and
all Under-ice MAVS € estimates that were not from the ver-
tical (w) direction (Table 4). The chosen velocity component
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Figure 9. Level 1 and 2 observations associated with the Tidal Shelf ADV benchmark. (a) Raw velocities with obvious signs of phase-
wrapping. (b) Quality-controlled and unwrapped velocities for the benchmark. (¢) Maximum boolean velocity flags (i.e., XYZ_VEL_FLAG)
value for each 256 s long segment. The secondary axis shows the percentage of good samples within each segment. (d) Mean velocities and
direction relative to the instrument’s frame of reference. Table 2 summarizes the meaning of the velocity boolean flags.

Table 4. Data processing choices when estimating € from quality-controlled velocities.

Tidal slough ADV Tidal shelf ADV Under-ice MAVS Tidal MAVS
Measured coordinate system XYZ XYZ ENU XYZ
Rotation method None to align with U to align with U None
8 wavenumber range for fitting 0.8 0.8 0.8 0.8

EPSI in EPSI_FINAL Vertical (w) Vertical (w) Vertical (w) Transverse (v)

Thresholds used when creating EPSI_FLAG

1. Non-stationary (subsets) 20 20 20 20

2. Failed Taylor Hypothesis: 7y~ 0.33 0.33 0.33 0.33

3. Noise dominated spectra: 7p 3 3 3 3

4. Poor spectral slope: A 17 17 17 17

5. Missing velocity samples: 7p 10 10 10 10

6. Anisotropic: Tp and L=«Ly, 150and L =0.18m 100and L =0.16m 200and L =2m 200 and L = 0.58 m

7. Outside inertial subrange Assumes the inertial subrange ends at k ~ 0.1/Ly

8. User-defined Not used Not used Vortex shedding in # and v Vortex shedding in # and w
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Luznik et al. (2007) from the work of Gargett et al. (1984). The approximate limit between the inertial and viscous subrange for each model

spectra is denoted by the diamonds (Eq. 4).

for the final € estimates differs between the datasets. The
Tidal MAVS assigns the € estimates from the transverse di-
rection given the orientation of the flow relative to the in-
strument’s shaft, while the other datasets assigned € from
the vertical component. Depending on the intended scien-
tific purposes for the € estimates, users may want to be more
or less stringent when applying the quality-control metrics.
Hence, we recommend documenting the chosen thresholds
in the NetCDF metadata for EPSI_FLAGS.

6 Conclusions

This paper uses acoustic point-measurement data to describe
a systematic approach to obtaining reliable estimates of a key
ocean parameter — the dissipation rate of turbulent kinetic en-
ergy €. We describe the processing and data handling steps,
quality control, and associated flags. Finally, we provide
benchmark results for researchers to validate their computer
methodologies. For peer-reviewed publications, we recom-
mend depositing in data centers, at a minimum, the Level
4 NetCDF group (see Tables A4 and AS). Providing exam-

https://doi.org/10.5194/0s-22-893-2026

ple spectra like in Fig. 2, or alternatively providing the Level
3 NetCDF group (Table A3) is strongly encouraged. The
publication’s methods should summarize the data processing
choices for quality-controlling the raw timeseries (Table 2)
and for estimating € from these velocities (e.g., Table 4).

This approach was developed as part of the ATOMIX
working group. As such, parallel analyses exist for other
ocean measurement measurement techniques (Lueck et al.,
2024). There are benefits to this combined approach, includ-
ing the ability to leverage a broader range of experience and
coding and making the step from one type of measurement
to another much easier. This benefit also applies to field cam-
paigns with overlapping measurement approaches (e.g., the
near-bed section of a shear profile overlapping with a region
measured with a bed-mounted acoustic velocimeter).

One clear but simple conclusion is that there are signifi-
cant benefits to consistently employing the ATOMIX nam-
ing and storage convention described here. In particular, this
enables rapid integration with existing approaches and builds
a more cohesive and efficient sampling community with en-
hanced cross-talk between researchers using different meth-

Ocean Sci., 22, 893-921, 2026
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Figure 11. Estimated € and associated quality control metric used for flagging the Tidal Shelf ADV benchmark dataset. (a) The 95 % bootstrap
confidence intervals are shown for the  estimates that passed all quality-control metrics. If no error bars are presented, then the estimate
was flagged for not meeting one or several quality-control criteria. (b) Taylor Frozen hypothesis (Eq. 22) with the mean speed U past the
sensor on the secondary right axis. (¢) Noise-dominated spectra metric (Eq. 23). (d) Too many missing velocity samples compared to 7p. (e)
Spectral slopes By deviate from the expected range (Eq. 24). (f) Likely anisotropic spectra (Eq. 25). (g) Boolean flag for our estimated €. The
higher EPSI_FLAGS are show in (h).

ods. Over time, we expect improvements to the best practices
as new instruments become available and new environmental
conditions are sampled. With the oceans’ continued impor-
tance and role in key Earth system processes, more system-
atic sampling of the oceans is inevitable. It is important that
this sampling produces results that are consistent and reli-
able.
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Appendix A: NetCDF variable names

Table Al. Summary of Level 1 NetCDF data format. This level includes the full resolution raw timeseries velocities in physical units,

quality-control flags, and ancillary data.

Short name Dimensions Comments

Standard name

TIME TIME units: Days since a specified reference, e.g., Days since
time 2005-01-01T00:00:00Z

N_VEL_COMPONENT

unique_identifier_for_each_velocity_component

N_VEL_COMPONENT

Maximum of 3 for u, v, w (east, north, up) velocities

XYZ_VEL

water_velocity_measured_in
_instrument_coordinates

or

ENU_VEL water_velocity_measured_in
_geographical_coordinates

or

BEAM_VEL water_velocity_measured_in
_beam_coordinates

TIME,
N_VEL_COMPONENT

units: ms~!

reference datum: instrument, geographical, or beam
frame of reference for XYZ, ENU or BEAM. The
same coordinate system should be used to provide the
flags (e.g., XYZ_VEL_FLAGS) and optionally the
unwrapped velocities (e.g.,
XYZ_VEL_UNWRAP_FLAGS)

XYZ_VEL_FLAGS
water_velocity_measured_in
_instrument_coordinates_status_flags

TIME,
N_VEL_COMPONENT

CF-compliant 8 bit (0-255) boolean flag that
designates why a velocity sample was discarded.

HEIGHT or DEPTH TIME units: meters
Optional or sensor-dependent
BURST_NUMBER TIME Integers of 1, 2, etc., to designate which burst the
unique_identifier_for_each_burst velocities are associated with. For continuous
sampling, this can be omitted or have all samples
associated with burst 1.
HEADING TIME units: degrees
platform_yaw_angle positive: clockwise
reference datum: true North
PITCH TIME units: degrees
platform_pitch_angle positive: counterclockwise
reference datum: around the instrument y-axis
ROLL TIME units: degrees
platform_roll_angle positive: counterclockwise
reference datum: around the instrument x-axis
ABSIC TIME, units: counts
backscater_intensity N_VEL_COMPONENT
CORRN TIME, units: %
noise_correlation_percent N_VEL_COMPONENT
SNR TIME, units: db
signal_noise_ratio N_VEL_COMPONENT
XYZ_VEL_UNWRAP TIME, units: ms !

water_velocity_measured_in_
instrument_coordinates_unwrapped

N_VEL_COMPONENT

These velocities needed to be unwrapped owing to
choosing an ambiguity velocity too small compared to
measured velocities.

https://doi.org/10.5194/0s-22-893-2026
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Table A2. Summary of Level 2 NetCDF data format. This level includes quality-controlled and segmented timeseries.

Short name Dimensions Comments

Standard name

TIME TIME units: Days since a specified reference, e.g., Days since

time 2005-01-01T00:00:00Z

UVW_VEL TIME, units: ms ™!

water_velocity_in_the_analysis_frame_ N_VEL_COMPONENT, reference datum: analysis frame of reference

of reference N_SAMPLE Velocities from level 1 stored on a per-segment, i.e.,
duration 7, basis. These may be rotated from the
original measurement frame stored in level 1.

PERGD TIME units: %

percentage_of_samples_good

Percentage of samples in each segment that passed all
quality-control metrics.

TIME_BNDS
time_interval_bounds

TIME, N_BNDS

units: same as TIME
Provides the beginning and end of each interval
specified by the variable TIME

TAYL TIME Left hand side of Eq. (22)
ratio_of_rms_of_turbulent_velocity_

with_mean_water_speed

ROT_AXIS TIME, units: degree

axis_of_rotation_from_east_to_x

N_VEL_COMPONENT

reference datum: east

positive: counterclockwise

Axis in the geographical coordinate system to rotate
velocities into the analysis frame of reference.

ROT_ANGLE TIME units: degree
angle_of_rotation_from_east_to_x reference datum: east
positive: counterclockwise
Angle for rotating the velocities from geographical
coordinates into the analysis frame of reference
BURST_NUMBER TIME Integers of 1, 2, etc, to designate which burst the
unique_identifier_for_each_burst velocities are associated with. For continuous
sampling, this can be omitted or have all samples
associated with burst 1
N_SAMPLE N_SAMPLE Value from 1 to fs7e to designate the velocity sample
unique_identifier_for_each_sample_ in each segment, and thus the largest value is based on
within_the_segment sampling frequency fs and segment duration v
N_BNDS 1,2 1 represents the lower bound and 2 the upper bound

unique_identifier_for_defining_low_
high_bounds

N_VEL_COMPONENT

unique_identifier_for_each_velocity_

component

N_VEL_COMPONENT

Same as level 1

Ocean Sci., 22, 893-921, 2026
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Table A3. Summary of Level 3 NetCDF data format. This level includes the spectral observations.

Short name Dimensions Comments

Standard name

TIME TIME Same as level 2
TIME_BNDS TIME, N_BNDS Same as level 2
UVW_VEL_SPEC FREQ, units: (ms~1)2 Hz ™!

power_spectrum_density_of_velocity_

in_the_analysis_frame_of_reference

N_VEL_COMPONENT,
TIME

reference datum: analysis frame of reference
Summing these spectra across all frequencies should
equal to the signal’s variance estimated in the
time-domain.

FREQ FREQ units: Hz

frequency

PSPD_REL TIME units: ms~! B

platform_speed_wrt_sea_water Mean speed past the sensor U used to convert from
frequency (time) to wavenumber (space).

DOF 1 See Eq. (11) since it depends on how the spectra was

degrees_of_freedom_of_spectrum computed.

SPEC_NOISE_UVW TIME, units: (ms~1)2 Hz~!

power_spectrum_density_white_noise_

of_velocity_in_the_analysis_frame_
of reference

N_VEL_COMPONENT

Typically determined from the high-frequency
(noise-dominated) part of the spectrum i.e., noise floor
(Sect. 4.4.3).

KVISC 1 or TIME units: m% s~ !
kinematic_viscosity_of_water
BURST_NUMBER TIME Same as level 2

unique_identifier_for_each_burst

N_VEL_COMPONENT
unique_identifier_for_each_velocity_
component

N_VEL_COMPONENT

Same as level 1

N_BNDS
unique_identifier_for_defining_low_
high_bounds

1,2

Same as level 2

https://doi.org/10.5194/0s-22-893-2026
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Table A4. Summary of Level 4 NetCDF data format. This level includes timeseries of the € dissipation estimates. The parameters necessary
for re-flagging € estimates are shown separately in Table A5.

Short name Dimensions Comments
Standard name
EPSI TIME, units: W kg1

specific_turbulent_kinetic_energy_
dissipation_in_water

N_VEL_COMPONENT

‘¢ estimated from each of the individual velocity
component.

EPSI_FLAGS
specific_turbulent_kinetic_energy_
dissipation_in_water

status_flag

TIME,
N_VEL_COMPONENT

units: W kgfl

See Table 3. CF-compliant 8 bit (0—255) boolean flag
that designates why an ¢ estimate was flagged as being
of poor quality.

EPSI_CI
specific_turbulent_kinetic_energy_
dissipation_in_water
confidence_interval

TIME,
N_VEL_COMPONENT

units: W kg_1
95 % confidence interval from bootstrapping residuals

EPSI_FINAL TIME units: Wkg™ 1

specific_turbulent_kinetic_energy_ comment: Specifies which velocity component was

dissipation_in_water_final retained as the final € estimates that would be provided
in a scientific publication.

EPSI_FINAL_CI TIME units: Wkg™ 1

specific_turbulent_kinetic_energy_ 95 % confidence interval of the final € from

dissipation_in_water bootstrapping residuals.

final_confidence_interval

TIME TIME Same as level 2

TIME_BNDS TIME, N_BNDS Same as level 2

PSPD_REL TIME Same as level 3

K_BNDS TIME, units: (ms~1)2 cpm~!

fitted_wavenumber_bounds_of_spectra

N_VEL_COMPONENT,
N_BNDS

Provides the first and last wavenumber bound fitted to
estimate &

BURST_NUMBER

TIME

Same as level 2

N_VEL_COMPONENT

N_VEL_COMPONENT

Same as level 1

N_BNDS

1,2

Same as level 2

Ocean Sci., 22, 893-921, 2026
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Table AS. Additional parameters stored at Level 4 NetCDF for re-flagging € estimates.

Short name Dimensions Comments
Standard name

PERGD TIME Same as level 2
TAYL TIME Same as level 2
MIN_EPSI_NOISE TIME, units: W kg_1

minimum_specific_turbulent_kinetic_

energy_dissipation
in_water_resolvable

N_VEL_COMPONENT

Calculates ey using Eq. (18) with the highest fitted
wavenumber k.

L 1 or TIME units: m

turbulent_length_scale comment: Should specify the definition used for
estimating the largest turbulent overturn, which could
be Lg, Lg, or L; =«z (Egs. 5, 6, 7).

KVISC 1 or TIME Same as level 3

SPEC_SLOPE TIME, B1 in T ~ kP (Eq. 2)

estimated_spectral_slope_of_fitted_
wavenumbers
_in_logspace

N_VEL_COMPONENT

DECADE 1 The fitted wavenumber range § given by Eq. (12) and
needed for calculating the acceptable B range in Eq.
(24)

N_FITTED TIME, N; in Eq. (24)

number_of_fitted_samples

N_VEL_COMPONENT

919

DOF 1 Same as level 3. Required for calculating the
acceptable slope 81 range in Eq. (24)
DIR_CSPD TIME units: degree
direction_of_water_speed reference datum: x-axis
positive: counterclockwise
Useful for flow interference.
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