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Abstract

Oceanic turbulence measurements made by an acoustic Doppler velocimeter (ADV) suffer from noise that
potentially affects the estimates of turbulence statistics. This study examines the abilities of Kalman filtering and
autoregressive moving average models to eliminate noise in ADV velocity datasets of laboratory experiments and
offshore observations. Results show that the two methods have similar performance in ADV de-noising, and both
effectively reduce noise in ADV velocities, even in cases of high noise. They eliminate the noise floor at high
frequencies of the velocity spectra, leading to a longer range that effectively fits the Kolmogorov —5/3 slope at mid-
range frequencies. After de-noising adopting the two methods, the values of the mean velocity are almost
unchanged, while the root-mean-square horizontal velocities and thus turbulent kinetic energy decrease
appreciably in these experiments. The Reynolds stress is also affected by high noise levels, and de-noising thus
reduces uncertainties in estimating the Reynolds stress.
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1 Introduction

The acoustic Doppler velocimeter (ADV) can effectively
measure three-dimensional instantaneous velocities at relatively
high sampling rates. It has been widely used for estimates of tur-
bulence characteristics in hydrologic and hydraulic measure-
ments (Chang et al., 2019; Qi et al., 2020). However, turbulence
measurements made by the ADV suffer from random spikes
(Goring and Nikora, 2002) and noise (Voulgaris and Trowbridge,
1998; Nikora and Goring, 1998). Adequate post-processing, in-
cluding de-spiking and de-noising, is necessary to obtain reliable
turbulence parameters.

The spikes in ADV datasets are mainly induced by aliasing of
the Doppler signal (McLelland and Nicholas, 2000). A number of
methods of de-spiking have been proposed (Goring and Nikora,
2002; Wahl, 2003; Mori et al., 2007; Parsheh et al., 2010; Islam and
Zhu, 2013; Dilling and MacVicar, 2017), and can eliminate spuri-
ous outliers and spikes in ADV time series. There are three cat-
egories of noise in ADV measurements, among which Doppler
noise is the most notable and inherent to the measuring prin-
ciple of the ADV (Voulgaris and Trowbridge, 1998). Doppler
noise is proportional to the velocity range setting and the square
root of the sampling frequency (SonTek, 2001). It also depends
on the flow characteristics and the type of particles in the water
(Nikora and Goring, 1998; Lemmin and Lhermitte, 1999).

The velocity range determines the maximal velocity that can
be measured by the ADV. In oceanic observations, a large velo-
city range is typically selected to account for tide currents and the
orbital velocity of surface waves (Elgar et al., 2005; Feddersen,
2010). Moreover, turbulent measurements require high sampling
frequencies to avoid the loss of high-frequency turbulence in-
formation (Garcia et al., 2005). However, a large velocity range
and a high sampling frequency usually result in a high noise en-
ergy level in the signal. Thus, measurements of turbulence made
in the ocean using an ADV always have high noise energy levels.
Meanwhile, the noise level in the ADV horizontal velocity com-
ponents is much larger than that in the vertical component, ow-
ing to the geometric structure of the sensor. The ratio of these
noise levels can exceed 30 in practical observations (Voulgaris
and Trowbridge, 1998; Wolk et al., 2002).

Doppler noise in ADV velocities is considered to be Gaussian
white noise approximately (Nikora and Goring, 1998), and thus it
does not affect the mean value of velocity. However, this noise
potentially affects the statistical characteristics of turbulence
(Goring and Nikora, 2002; Khorsandi et al., 2012), especially
those associated with horizontal velocity components. This usu-
ally leads to overestimation of the horizontal root-mean-square
(RMS) velocities and thus turbulent kinetic energy. The overes-
timation of the horizontal RMS velocities can affect the applicab-
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ility evaluation of Taylor’s frozen turbulence hypothesis (Sad-
doughi and Veeravalli, 1994; Bluteau et al., 2011), which is a pre-
requisite for the transformation of spectra between temporal and
spatial domains.

Hurther and Lemmin (2001) estimated the noise contribu-
tion to turbulence parameters using two independent but simul-
taneously measured vertical velocities. This method is only valid
for four-receiver ADV instruments and not typical ADVs with
three receivers. Durgesh et al. (2014) proposed two different ap-
proaches, the noise auto-correlation and proper orthogonal de-
composition, to reduce the level of noise in ADV velocity spectra.
As they pointed out, the first approach does not provide noise-
corrected data in the temporal domain; the other approach is
more computationally intensive and requires a prior estimate of
the noise level or spectral shape. Qiao et al. (2016) and Huang et
al. (2018) adopted empirical mode decomposition to eliminate
Doppler noise. However, this method tends to eliminate all the
energy of selected modes and it is thus applied usually to ADV
datasets with a low noise level.

In this paper, we examine the abilities of Kalman filtering
(KF) and autoregressive moving average (ARMA) models to re-
move noise from ADV datasets by conducting laboratory experi-
ments and offshore observations. These two methods are briefly
introduced in Section 2. Results are presented in Section 3 for
laboratory experiments and Section 4 for offshore observations.
Section 5 presents conclusions drawn from the results of the pa-

per.

2 Methods and data processing

2.1 Kalman filtering

KF is an efficient recursive filter proposed by Kalman (1960)
for time-varying linear systems and is widely used in the time-
series analysis of dynamic data. This filter incorporates past
measurement estimation errors into new measurement errors to
estimate future errors. It minimizes the mean-square prediction
error and can eliminate random interference error contained in
the data (i.e., noise pollution), to provide an optimal estimation
of the real observation.

The evolution of a state variable x in time is described by the
system equation:

X1 = ApX + 1., (1)

and is associated with observations z, according to

zr = Hyxy + ek, 2

where the matrices A, and H, are respectively the system and ob-
servation operators. The random variables # and ¢ are respect-
ively noise in the system and noise in the observation evolution,
and are assumed to be white Gaussian noise with covariances Q
and R, respectively.

At time k, the best estimate of x, is X and its covariance mat-
rix is P,. From time step k to k+1, they are calculated as

Xy = Aikr, ©)

P, = APAL + Q. 4

“ »

The superscript represents the a priori state estimate. In
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the measurement update that follows, the Kalman gain is firstly
estimated as

Ki = Py HL(HyP; HL + Re) ™" 5)

The next step is to calculate the actual observation z;:
X = /JE]: + K (Zk — kax\]:) s (6)

Py = (I - KiHy) Py 7

The filtering process is to estimate the value of the observa-
tion time according to the estimation of the previous time, then
to revise the estimation according to the observation value, and
finally to get the optimal estimation of the observation time, so as
to achieve the effect of filtering. This method was described in
detail by Welch and Bishop (1995).

A standard KF program obtained from a publicly accessible
package provided by Moore (2012) was used in the present study.
In this program, only a few parameters need to be specified by
the user. In the following study, the exponentially weighted mov-
ing average was used to estimate time-varying system covari-
ances, in which the lengths of the moving average and lookback
window were empirically set to 48 and 24 for the horizontal velo-
city components, and 12 and 6 for the vertical component, re-
spectively.

2.2 Autoregressive moving average model

Each stationary process can be effectively approximated by
adopting an ARMA process, and the ARMA model is then ap-
plied extensively to time-series analysis for stationary processes
(Neusser, 2016). Dilling and MacVicar (2017) used this method to
detect and replace spikes in ADV datasets. ARMA comprises two
parts, an autoregressive (AR) part and a moving average (MA)
part, and can be expressed as

p q
U = — Z aiu_; + Z b, ®)
i—1 j=0

where u, is the time series, p is the order of the AR term, g is the
order of the MA term, q; is the AR coefficient, bj is the MA coeffi-
cient, and ¢;; is white noise.

This model first tests the series for stationarity and identifies
the appropriate orders of AR and MA terms. Once an appropriate
lag order is identified, it is then determined whether the model is
adequate. If the model is adequate, the residuals (¢,) of the mod-
el are expected to be white noise (Fabozzi et al., 2014). In this
study, ARMA was performed using the function ARMAX in Mat-
lab software.

2.3 Data processing

The raw datasets measured by the ADV must be appropri-
ately preprocessed before conducting statistical analyses (Chan-
son et al., 2007). In this paper, the preprocessing of the ADV data-
sets includeds three steps: de-spiking, de-noising, and coordin-
ate rotation. First, the true three-dimensional phase space meth-
od of Mori et al. (2007) was used to remove spikes from the raw
ADV time series. Second, KF or ARMA was used to reduce the
level of noise. Last, double rotation was applied to rotate three-
dimensional velocities into an along-stream component u, a
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cross-stream component v, and a vertical component w, and the
mean velocity and other turbulence parameters were then calcu-
lated.

3 Laboratory experiments

Four experiments were conducted in a channel flume under
conditions of uniform flow. This flume was 32.5 m long, 1.0 m
wide, and 1.8 m high and had a water depth of 1.2 m. These four
experiments, referred to as Exps Al, A2, A3, and A4, had mean
current speeds of 5.6 cm/s, 11.8 cm/s, 18.1 cm/s, and 24.3 cm/s,
respectively. A Nortek ADV with an acoustic frequency of 6 MHz
was used to measure the instantaneous three-dimensional velo-
city. The sampling frequency was set at 64 Hz, and a total of
19 200 data points were thus recorded for a sampling length of
5 min in each experiment.

The time series of velocities measured in Exp A2 are shown in

Velocity/cm-s™!

Fig. 1 while the velocity spectra are shown in Fig. 2. Previous
studies found that the horizontal velocity components of the ADV
(i.e., u and v) have approximately the same noise energy level
(Nikora and Goring, 1998), and only u is analyzed in the follow-
ing sections. In the present study, the spectra were calculated us-
ing Welch’s method, whereby the total dataset was divided into
eight segments with 50% overlap and tapered with a Hamming
window. A fast Fourier transform of 4 096 points was used in the
spectrum density estimate.

According to Kolmogorov’'s theory of turbulence (Pope, 2000),
the clean power spectrum of turbulence has a low-frequency en-
ergy-containing subrange, followed by an inertial subrange char-
acterized by a -5/3 slope in log-log space, and a high-frequency
viscous subrange where the decay is more rapid than that of the
-5/3 slope. The spectra of only de-spiked velocities in Exp A2 are
in good agreement with the —5/3 curve at mid-range frequencies
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Fig. 1. Time series of de-spiked and de-noised velocities in Exp A2: KF (a) and ARMA (b). Blue and green curves are de-spiked along-
stream and vertical ADV velocities, while pink and red curves are respectively those further de-noised.
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Fig. 2. Power spectra of along-stream (a) and vertical velocities (b) in Exp A2. Blue curves are the power spectra of de-spiked
velocities while green and pink curves are those de-noised further adopting KF and ARMA, respectively. The black line is the

theoretical Kolmogorov -5/3 slope.
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and have a flat plateau at high frequencies. The shape of the
spectrum deviates greatly from the —5/3 slope from approxim-
ately 0.8 Hz for the horizontal velocity u owing to the presence of
strong noise (Fig. 2a), while it deviates from 4 Hz for the vertical
velocity w (Fig. 2b). In this case, the noise level for u is approxim-
ately 42 times that for w, which is close to what was found in pre-
vious studies (Wolk et al., 2002). The plateau is usually the result
of measurement noise (Voulgaris and Trowbridge, 1998) and
spectral aliasing due to the finite sampling frequency (Kirchner,
2005).

When applying KF or ARMA, noise is appreciably reduced in
the time series of velocities, especially for u (Fig. 1). In the case of
KF, the spectrum of the de-noised u well follows the -5/3 slope
until 3 Hz (Fig. 2a). In the case of ARMA, the spectrum of the de-
noised u is slightly higher than the —5/3 slope at high frequencies,
which implies that some noise energy is retained although this
method eliminates most of the noise. For w with a relatively low
noise level, the flat noise plateau is also successfully removed,
and the spectra roll off from the —5/3 slope at higher frequencies
when de-noised adopting KF or ARMA (Fig. 2b). Figure 3
presents the de-noising performance of these two methods in
Exp A3, showing similar results.

The Reynolds decomposition of the velocity of flow without
the effects of surface waves is

u=U+u, w=W+u, )
where U and W are the time-averaged velocity components, and

' and W' are the corresponding velocity fluctuations. U and W
are defined as

1 & 1 Y
U:N;ui, w:N;wi, (10)

where N is the total number of samples in each experiment. The
RMS of the velocity is usually used to evaluate the turbulent in-
tensity (Variano and Cowen, 2008), which is defined as

10 F::

Spectra/m?-s-Hz"!
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Upps = (u’2>1/2, Wims = (w’z)l/2 (11)

The turbulent kinetic energy (TKE) is then
TKE = (s + Voms + Whns)/2- (12)

The Reynolds stress is a fundamental variable in turbulent
flows and is expressed as

T=—pu'w, (13)
where p is the density of the water.

As expected, the mean flow speeds are almost unchanged
after de-noising adopting KF and ARMA because the noise re-
moved is mainly white noise (Fig. 4a), while the horizontal RMS
velocities are appreciably lower than those de-spiked only (Figs 4b
and c). In Exp A2, Ums is 2.04 cm/s for the de-spiked velocity, but
only 1.27 cm/s for the velocity de-noised adopting KF and 1.30 cm/s
for the velocity de-noised adopting ARMA. Correspondingly, the
TKE also decreases (Fig. 5a). In Exp A2, the TKE is approximately
3.60x10-* m?/s? for the original velocities, while it is 1.76x
104 m?/s?> when adopting KF and 1.78x10-* m?/s? when adopting
ARMA; these TKEs are less than half the original TKE. Figure 6
shows accumulative power spectra of ¥ and w in Exp A2. It is
seen that the decreases in RMS velocities and then the TKE are
mainly due to the attenuation of energy at high frequencies after
de-noising adopting both KF and ARMA, especially for the along-
stream velocity u (Fig. 6a). Generally, the de-noised Urms and Vpms
are respectively around 22%-59% and 29%-68% lower than the
original values, and the TKE reduces by around 36%-82% in these
experiments. Compared with changes in Ums and Vs, the de-
noised Wims changes little (Fig. 4d). This is because the noise level
of the vertical velocity is relatively low (Figs 2b and 3b).

The Doppler noise in three-dimensional ADV velocities is not
independent, and the Reynolds stress is potentially affected by
this noise (Nikora and Goring, 1998). However, some previous
studies argued that the effect of Doppler noise on Reynolds stress
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Fig. 3. Power spectra of along-stream (a) and vertical velocities (b) in Exp A3. Blue curves are the power spectra of de-spiked
velocities while green and pink curves are those de-noised further adopting KF and ARMA, respectively. The black line is the

theoretical Kolmogorov -5/3 slope.
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Fig. 4. Time-averaged along-stream velocities (a), along-stream (b), cross-stream (c), vertical RMS velocities (d) in four laboratory

experiments. Blue circles are the results for de-spiked velocities while green diamonds and pink crosses are those de-noised further
adopting KF and ARMA, respectively.
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Fig. 5. TKE (a) and the Reynolds stress (b) estimated in four laboratory experiments. Blue circles are the results for de-spiked
velocities while green diamonds and pink crosses are those de-noised further adopting KF and ARMA, respectively.

is negligible (Bian et al., 2018) or very small (McLelland and
Nicholas, 2000). As an example, Voulgaris and Trowbridge (1998)
found that Reynolds stress measured by an ADV was underestim-
ated by only 1% in their experiments. This is not the case for our
experiments with high noise levels. In our experiments, Reyn-
olds stress changed appreciably when de-noised adopting KF
and ARMA (Fig. 5b). This change is largely due to the decrease in

cospectral energy at high frequencies (Fig. 7). Strong Doppler
noise thus affects computations of Reynolds stress, and the pro-
cess of de-noising can reduce uncertainty in these calculations.

4 Offshore observation

A burst was selected to estimate the de-noising performance
of KF and ARMA in oceanic measurements. This burst was meas-
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Fig. 6. Accumulative power spectra of along-stream (a) and vertical velocities (b) in Exp A2. Blue curves are the accumulative power
spectra of de-spiked velocities while green and pink curves are those de-noised further adopting KF and ARMA, respectively.
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Fig. 7. Cospectra (a) and accumulative cospectra (b) of along-stream and vertical velocity fluctuations in Exp A2. Blue curves are
cospectra and accumulative cospectra of de-spiked velocities while green and pink curves are those de-noised further adopting KF

and ARMA, respectively.

ured near an observation platform of marine meteorology tower
off the northern coast of the South China Sea (Huang et al., 2018).
This platform has a water depth of approximately 16 m. This ADV
was fixed to a bottom-mounted frame, and the sampling
volume was located 0.88 m above the floor. The sampling fre-
quency was set to a rate of 64 Hz, and the velocity range was set
to 1 m/s to fit the tide currents and the orbital velocity of surface
waves. The sampling time was set to 180 s for every period of
30 min, and then there were 11 520 samples for this burst.

The time series of velocities measured in this burst is shown
in Fig. 8, while the power spectra are shown in Fig. 9. In coastal
waters, measured velocities are affected by surface waves, and
the effects of surface waves are usually superimposed on inter-

mediate frequency bands of velocity spectra. For the de-spiked u,
the spectrum has an obvious peak at a frequency around 0.1 Hz.
This is in good agreement with the -5/3 slope in log-log space at
frequencies from 0.4 Hz to 1.0 Hz. At higher frequencies, there is
an obvious noise floor.

Although the flow velocities in this burst are strongly affected
by surface waves, the noise is still appreciably reduced by de-
noising adopting KF or ARMA (Fig. 8). In the case of the de-
noised spectrum, the noise floor is removed and the inertial sub-
range has a longer available spectrum band, while the low-fre-
quency domain is almost unchanged (Fig. 9a). The vertical velocity
has a relatively low noise floor. Additionally, the flat noise plateau
at high frequencies is eliminated using the two methods (Fig. 9b).
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Fig. 8. Time series of de-spiked and de-noised velocities for a burst in offshore observations: KF (a) and ARMA (b). Blue and green
curves are de-spiked along-stream and vertical ADV velocities, while pink and red curves are respectively those further de-noised.
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Fig. 9. Power spectra of along-stream (a) and vertical velocities (b) for a burst in offshore observations. Blue curves are the power
spectra of de-spiked velocities while green and pink curves are those de-noised further adopting KF and ARMA, respectively. The

black line is the theoretical Kolmogorov -5/3 slope.

5 Conclusions

The ADV is a crucial instrument for measurements of oceanic
turbulence at fixed points. However, its high-frequency measure-
ments of velocity suffer from a high level of noise, which affects
estimates of turbulence statistics. Both laboratory experiments
and offshore observations were conducted to evaluate the per-
formance of two commonly used de-noising methods, namely
the adoption of KF and ARMA, in terms of eliminating noise in
ADV turbulent measurements. A typical three-receiver ADV with
arelatively wide velocity range and high sampling frequency was
used in these experiments, and the measured velocities were
found to much high noise energy levels, especially in their hori-
zontal components.

The results show that the two methods potentially reduce the
level of noise in ADV velocities and improve the accuracy of tur-

bulence measurements, even under the effects of surface waves.
De-noising adopting the two methods effectively removed the
noise floor at high frequencies of the velocity spectra, leading to a
longer subrange fitting the Kolmogorov -5/3 slope. Values of the
mean velocity are almost unchanged, while other turbulence
statistics, such as the RMS horizontal velocities and thus the TKE,
decrease appreciably. The results also show that the Reynolds
stress estimated from the ADV datasets are affected by Doppler
noise in cases with high noise levels, and de-noising processing
can thus reduce uncertainties in estimating the Reynolds stress.

It is finally noted that the present study only examined the
abilities of the two methods to eliminate noise in ADV velocity
datasets. Further research, including the applicability and optim-
ization of parameters involved, is needed to improve the applica-
tion of the methods in ADV denoising.
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