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ABSTRACT

Tides in fluvial estuaries are distorted by non-stationary river discharge, which makes
the analysis of estuarine water levels less accurate when using the conventional tidal
analysis method. As a powerful and widely-used method for non-stationary and
nonlinear time series, the application of Variational Mode Decomposition (VMD)
method to non-stationary tides is nonexistent. This paper aims to illustrate and verify
the suitability of the VMD method as a new tidal analysis tool for river tides. The
efficiency of VMD is validated by the measurements from the Columbia River Estuary.
VMD strictly divides different tidal species into different modes, and thus avoids mode
mixing. Compared to VMD, Ensemble Empirical Mode Decomposition (EEMD),
which is another commonly-used method, fails to completely solve the problem of
mode mixing. The observed water levels at Longview station are decomposed into 12
modes via VMD. Based on the mean periods and amplitudes of each VMD mode, the
12 VMD modes sequentially correspond to the tidal species from the sub-tides (Do),
diurnal tides (D1), semi-diurnal tides (D2), and up to Dui tides. The non-stationary
characteristics of tides influenced by river discharge are accurately captured by VMD
without mode mixing. The results also show that the EEMD and VMD modes can
capture the subtidal signals better than the nonstationary tidal harmonic analysis tool
(NS_TIDE). As a general method, the VMD mode can also be used for other research
purposes related to non-stationary tides, such as detiding.

Keywords: VMD; EEMD; NS TIDE,; river tides; tide-river interplay
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1. Introduction

Tides are the periodic rise and fall of sea levels induced by the combined effects
of the gravitational forces of the Moon and the Sun acting on the orbiting and rotating
Earth (Amin, 1982). Tidal fluctuations including vertical and horizontal tides are the
basic movements of sea water. They are very important to human activities in the deep
sea and coastal areas such as navigation, energy utilization, oceanographic engineering
and aquaculture (Pan et al., 2017). The most widely used approach in tidal data analysis
is the Classical Harmonic Analysis (CHA), which assumes water levels can be
represented by a linear combination of sinusoidal terms (Foreman and Henry, 1989;
Pan et al., 2018b). These sinusoidal terms called tidal constituents are perfectly
stationary in the CHA. Namely, the amplitudes and phases of tidal constituents are
assumed constant. In most tidal observations, this stationary assumption is reasonable.
Thus, CHA has an excellent performance in explaining observed water levels (usually
over 90 percent of the variance) (Hoitink and Jay, 2016).

Tidal phenomena, such as internal tides, tides in tidal rivers and ice-covered bay
are highly non-stationary. For these tidal processes, the stationary assumption of CHA
is unsuitable. In such conditions, CHA performs badly in hindcasting and forecasting
water levels and only provides time-averaged values of time-varying tidal properties
(Jay and Flinchem, 1997; Pan et al., 2018a). To obtain the time-dependent tidal
amplitudes and phases, CHA can be conducted by adding a time window (Jay and

Flinchem, 1997; Guo et al., 2015), which becomes the short-term harmonic analysis
3
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(STHA). Although the STHA method can extract the time-dependent tidal properties,
it can only separate a limited number of the main tidal constituents. Moreover, STHA
may provide inaccurate results when the variation of river discharge is strong (Jalon-
Rojas et al., 2018).

To acquire insights into underlying dynamics of highly non-stationary tidal signals,
Kukulka and Jay (2003a) proposed a framework in describing the decay of tides along
the estuary with the consideration of upstream river discharge. They also derived a
theory in modelling the sub-tidal water levels in their following work (Kukulka and Jay
2003b). Accordingly, Matte et al. (2013, 2014) developed the non-stationary harmonic
analysis tool (NS TIDE) by directly embedding the frameworks of Kukulka and Jay
(2003a, b) into the CHA basis functions. Subsequently, Pan et al. (2018b) developed a
new version of NS TIDE in which the contribution from coastal upwelling and
downwelling can be considered. NS TIDE has been widely used to study the river-tide
dynamics in the fluvial estuaries, such as the Columbia River estuary (Matte et al., 2013;
Pan et al., 2018a, b; Gan et al., 2021), Yangtze River estuary (Gan et al., 2019; Chen et
al., 2020), St. Lawrence River estuary (Matte et al., 2014, 2018, 2019), and Pearl River
Delta (Cai et al., 2018; Zhang et al., 2018). Although NS_TIDE performs much better
than CHA in tidal rivers, it also has some limitations. First, synchronous river discharge
observations relative to water levels are needed to perform non-stationary harmonic
analysis using NS_TIDE. Second, based on the theoretical tide-river interaction model,

NS _TIDE cannot be applied to non-stationary tidal processes with other dynamic
4
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mechanisms, i.e., internal tides (Pan et al., 2018a, b).

Signal analysis tools, such as the Continuous Wavelet Transform (CWT) and
Complex Demodulation methods, are good supplements to study the non-stationary
tidal signals. Jay and Flinchem (1999) compared the model performance of the CWT,
STHA, and the modified STHA (mSTHA) methods. Their results show that the CWT
model can provide better results than the STHA and mSTHA methods once the time
window's length is longer than a few days. A system introduction about the application
of the CWT method in river tides is given in the study of Flinchem and Jay (2000).
Relative to the CWT method, the Complex Demodulation is more suitable to determine
the time variations of tidal signals in a particular frequency band (Jay and Kukulka,
2003). For instance, Jalon-Rojas et al. (2018) applied the Complex Demodulation
method to extract the time-dependent amplitudes and phase of semi-diurnal (D2) and
quarter-diurnal (D4) tides of the Gironde Estuary.

As a powerful and widely-used method for non-stationary and nonlinear time
series, Empirical Mode Decomposition (EMD, Huang et al., 1998) is another signal
analysis tool that has been widely used to analyze non-stationary tides in recent years
(Cheng et al., 2017; Devlin et al., 2020). Pan et al. (2018a, b) first applied the EMD
method to analyze river tides. EMD obtained the non-stationary characteristics of
diurnal and semi-diurnal tides related to river discharge successfully. By comparing the
results of NS TIDE and EMD, it is found that the error in NS_TIDE hindcast mainly

comes from the less accurate sub-tidal water levels inversed by NS TIDE (Pan et al.,
5
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2018b). Though powerful, the EMD method is disturbed by a serious “mode mixing”
problem, which is defined as either a single mode of the EMD method including widely
disparate signals, or a similar signal residing in different modes of the EMD model
(Zhang et al., 2010). In terms of tidal levels, the mode mixing can be reflected in that
the energy of the same tidal species (a group of tidal constituents with similar
frequencies (Hoitink and Jay, 2016)) exist in more than one EMD mode. Therefore, the
EMD modes may need to be combined within a window of frequency to connect the
EMD modes to the physical processes (Ezer, 2019).

To solve this mode mixing problem, Wu and Huang (2009) proposed a noise-
assisted EMD method, namely Ensemble EMD (EEMD). Devlin et al. (2020) used the
EEMD method to analyze multi-timescale tidal variability in the Indian Ocean.
However, the mode mixing phenomenon still exists in the results of EEMD when
dealing with river tides (details displayed in section 4). Variational Mode
Decomposition (VMD), recently proposed by Dragomiretskiy and Zosso (2014), is an
alternative method to EMD. VMD is a generalization of the classic Wiener filter into
multiple, adaptive bands (Dragomiretskiy and Zosso, 2014). The VMD method obtains
each mode from the frequency domain, which enables the VMD model to be less
sensitive to noises and has the advantage of avoiding mode mixing. Therefore, the
VMD method has been widely applied to analyze the neuromuscular signal, audio
signal, and climate data (Zosso, 2021).

The main objective of this research is to apply the VMD method to the river tides
6



128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

of the Columbia River Estuary where the river-tide interaction plays a dominant
influence on the water levels of tidal reaches. As the influence of seasonal wind on the
water levels of the Columbia River Estuary is insignificant (Jay et al., 2014), it is
ignored in this study. River tides are selected because they are the simplest non-
stationary tidal phenomenon and the only one for which both abundant observations
and detailed theoretical models exist (Jay and Flinchem, 1997, 1999). The results of the
VMD modes are further compared with the results of the NS TIDE and EEMD models
to fully compare their advantages and disadvantages. Moreover, the application of the
VMD model in other physical processess related to river tides is also investigated.
This paper is structured as follows. The NS TIDE, EEMD and VMD methods are
described in section 2. The study area and data are shown in section 3. The results of
NS TIDE, EEMD and VMD are displayed and discussed in section 4 and section 5,

respectively. Conclusions are presented in section 6.

2. Methodology
2.1 Non-stationary Harmonic Analysis Model (NS_TIDE)

In the CHA model, observed water levels can be expressed as (Pawlowicz et al.,

2002):

N
Ht)=7Z+ Z(aicosai + b;sina;) €))

=1

where H(t) is the observed estuarine water level at time t; Z is the mean water level
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(MWL); i is the index of tidal constituents and N is the total number of tidal
constituents to be resolved; o; is the frequency of the i™ tidal constituent.

In the NS_TIDE model, time-invariant Z, a; and b; in Eq. (1) are replaced by
the nonlinear functions of time-changing river discharge @ and greater diurnal tidal

range R in the semi-diurnal tidal regime of a reference station near the estuary mouth:

N
H(t)=Z(Q,R) + Z(ai(Q,R)cosai + b;(Q, R)sinao;) ()
i=1
qu
Z(Q,R) = co +c1QP7 + ¢, 0 3)
RYr
a;(Q,R) = dy +d,QP +d, " 4)
RIf
bi(Q,R) = ey +e,QP" + e, &)

Qs

where (P, 4, 1;) and (pf,qf,15) are the unknown exponents to be iteratively
determined; ¢y, dp, and e, (h = [0,2]) are the unknown coefficients to be solved.
The first and second terms on the right-hand sided of Eq. (2) are respectively the “stage”
and the “tidal-fluvial” models in NS_TIDE, which are adapted from the works of
Kukulka and Jay (2003a, b). The stage model describes the sub-tidal water levels
(oscillations with periods obviously greater than 1 day), while the “tidal-fluvial” model
explains the diurnal, semi-diurnal and higher frequency tidal constituents.
d,QP7 (e, QPr) is the river discharge term representing the nonlinear decay effect of
river discharge on tides. The coefficient d;(e;) is often negative, indicating tidal

q

. . . . RS
amplitudes decrease when the river discharge increases. —

o7 is the tidal range term

which represents the nonlinear tidal-river interplay induced by neap-spring variability.

8
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When river discharge is large, the changes of tidal properties induced by the tidal range
term become less important. With Q, R and H(t) known, Eq. (2) can be solved
using a least squares fitting method. In the NS TIDE model, the iteratively reweighted

least squares (IRLS) is used to improve the overall fitting (Leffler and Jay, 2009).

2.2 Ensemble Empirical Mode Decomposition (EEMD)

The EMD method is developed by Huang et al. (1998). As an adaptive and
recursive signal decomposition algorithm designed for nonlinear and non-stationary
signals, EMD is widely used to analyze numerous kinds of geophysical data, such as
sea levels (Ezer, 2013; Cheng et al., 2016; Ezer et al., 2016), sea surface temperature
(Wuet al., 2008) and land surface air temperature (Ji et al., 2014). Via the EMD method,
a complicated non-stationary time series can be decomposed into a finite number of
components, which are usually called intrinsic mode functions (IMFs). Those IMFs are
not restricted to a narrow band signal, and their amplitudes, phases and frequencies are
all time-variant. A time series of water level observations can be decomposed using the

EMD method in the following form:

M

H® = ) en(® +7(0 ©)

m=1

where m is the index of IMFs; M is the total number of IMFs which contain periodic
signals; ¢, (t) is the m™ IMF; r(t) is the last IMF representing the trend term of

the observations. In total, there are M + 1 IMFSs, which are related to the factors such
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as the variation of the observations, the length of the record, as well as the stoppage
criteria of the sifting process (Pan et al., 2018a). The trend term r(t) obtained by the
EMD method is often monotonic. Therefore, it does not contain any oscillation of a
fixed period.

The main processes of the EEMD method are described as follows (Wu et al.,
2008):
Step 1: Generate a white noise series and add it to the targeted signal. Decompose the
noise-added signal into a specified number of IMFs via the EMD method.
Step 2: Repeat step 1 a specified number of times. Note that the added white noise series
are distinct each time.
Step 3: Average the corresponding IMFs as the final results of EEMD.

The effects of the EEMD decomposition are that the added white noise time series
cancel each other once they are summed up. The mean IMFs of EEMD preserve the
good properties of the EMD method, while the strength of mode mixing in EEMD

obviously decreases relative to the EMD model (Wu et al., 2008).

2.3 Variational Mode Decomposition (VMD)

The VMD method generally treats the problem of mode decomposition as an
optimization problem by decomposing 1-dimensional input signal into a specified
number of modes. The signal gets fully reproduced by summing up the K number of

decomposition modes
10
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HO = ) w(® ™

k=1

where k is the index of modes; K is the total number of modes; uy(t) is the k"
mode and it is an amplitude-modulated-requency-modulated signal, which can be
expressed as:

u,(t) = Ak(t)COS(‘Pk(t)) ®)
where A, (t) and ¢, (t) are the time-dependent envelope and the phase of the k"
mode, respectively. The related instantaneous frequency wy(t) of the k™ mode is

assumed to vary slowly relative to the phase and is nonnegative. It can be calculated as:

A (t)

3 )

wy(t) =

The decomposition process of the time series by the VMD method can be

expressed as a constrained variational problem (Dragomiretskiy and Zosso, 2014)

2} (10)

where {u;} = {uy,...,ux } and {wy} = {wy, ..., wx } are the sets of all modes and

whose objective function is:

o, Ka(m éj - (t)}e,@,
st gu (0)=H (1)

{u k}{ak} k=1

min {i

their related center frequencies; §(t) is the Dirac function; * represents the
convolution; j = v—1.
Dragomiretskiy and Zosso (2014) used a quadratic penalty term and Lagrangian

multiplier to transform Eq. (10) to an unconstrained optimization problem:

11
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H 0%t < 0§ 0)

where a is the regularization parameter representing the variance of the white noise;

A(t) is the Lagrangian multiplier.

The solution of Eq. (11) is by using the alternate direction method of multipliers
(ADMM) method. Only the final expressions of the ADMM method are summarized in
this study. For more details, the reader can refer to Dragomiretskiy and Zosso (2014).

The solution of each mode in the frequency domain can be expressed as:

Z An+1 Z” ﬂn (a))

~An+l _ i<k i>k (12)
K (w) 1—2a(a)—a_)k)

where 1, (w), Hy(w), and A, (w) denote the spectrum of u,(t), H(t), and A(t),
respectively; The superscript n+ 1 and n denote the results of the current and
previous steps of the iteration process, respectively.

During each update of @}*!(w), the corresponding center frequency @i*? is

subsequently updated as the center-of-gravity of the power spectrum of each mode:

0
J.a) o (6{))‘2 dw
—n+l 0

W, = ; (13)
ﬁ,’j”(a))‘ dw

S ey 8

Once all the 71" (w) and @' are obtained, the A7™'(w) is updated as:
n K
A (@)= () [ )= 24" ] (14)

12
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where 7 is user-defined coefficient for dual ascent to enforce the exact signal
reconstruction (Ni et al., 2018).

The convergence state of the model iteration process is defined as:

i ()7 (o).

i (o).

where ¢ is the user-defined coefficient for the judgement of model convergence. When

K

<& (15)

k=1

the VMD modes in the frequency domain reach the convergence state, their results in
the time domain can be obtained by the inverse of Fourier transform:
u, (1) = R{ift (i, ()} (16)

where R{} represents the real part; ift represents the inverse of Fourier transform.

2.4 Flowchart

A flowchart is given in Fig. 1 for a better illustration of the roadmap of this
research. The water level measurements at Longview station are analyzed by NS_TIDE,
EEMD and VMD models, respectively. The NS _TIDE model is used to extract the
time-dependent amplitudes and phases of tidal constituents to describe the influence of
external force (river discharge) on tidal constituents. Moreover, the sub-tidal water
levels (DO tidal frequency band) modelled by the NS TIDE model are compared with
the sub-tidal water levels extracted from the EEMD and the VMD models. In
comparison with the NS TIDE model, the attention of the EEMD and VMD model

results is on tidal species rather than specific tidal constituents. When the tidal signals

13
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in different tidal frequency bands, such as D1 and D2 tides, are filtered by the EEMD
and VMD models, Fourier analysis is conducted on these tidal signals within different
frequency band to compare whether there exists mode mixing in the results of the VMD
model.
3. Study area and data

The Columbia River (Fig. 2) has a watershed of ~660500 km? and an annual
average flow of ~7500 m>/s (Jay and Flinchem, 1997). The Willamette River, which is
the largest tributary of the Columbia River, enters the river main stem at Portland, ~160
river kilometer (rkm) from the ocean, with an annual average flow of ~950 m®/s (Matte
et al., 2013; Pan and Lv, 2019). As the third largest river in the United States, the
Columbia River is important and essential for local fisheries industry, hydropower,
ocean transport and other economic sectors. The tides in the Columbia River estuary
(CRE) are diurnal (D1) and semi-diurnal (D2) mixed with a D2/D1 ratio of ~1.8 at the
CRE mouth (Jay et al., 2011; Moftakhari et al., 2016; Pan et al., 2018a, b). The diurnal
tidal range at Astoria (Fig. 2, rkm 29) varies from ~1.59 to 3.83 m. As tides propagate
landward, tidal range gradually decreases and becomes nearly zero at Bonneville dam
at rkm 234 (Jay et al., 2011; Jay et al., 2014). Hourly water level records (Fig. 3a) for
a year period (January 2003 - December 2003) from Astoria (rkm 29) and Longview
(rkm 107) stations (Fig. 2) provided by the National Oceanic and Atmospheric
Administration (NOAA) are analyzed in this research. Additional river discharge data

(Fig. 3b) for the Willamette River and the main stem of the Columbia River (at
14
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Bonneville Dam) are provided by the U.S. Geological Survey (USGS).

The skewness coefficient referred to the work of Nidzieko (2011) is used to
evaluate the tide characteristics of the CRE. The skewness coefficient of the time
derivative of the tide levels at Astoria (29 rkm) is close to zero, indicating the symmetric
tide. This means the tides at Astoria are nearly stationary and are only under an
ignorable influence of upstream river discharge (Fig. 3a). At Astoria, the hindcast of
CHA (Pawlowicz et al., 2002) explains 97.5% of the observed signal variance, with a
root-mean-square error (RMSE) of 0.13 m and a maximum absolute error (MAE) of
0.61 m for tidal heights. The largest tidal constituent is Mz tide, followed by Ki tide
with amplitudes of 0.94 and 0.44 m, respectively. The amplitudes of overtide and
compound constituents (less than 0.04 m) are much smaller than those of major diurnal
and semi-diurnal constituents.

The skewness coefficient of the time derivative of the tide levels at Longview
station significantly increases to 0.83, indicating an asymmetric tide (Nidzieko, 2011).
More specifically, the rising tide duration is shorter than the falling tide duration at
Longview station. In comparison with Astoria, the tides at Longview station are
significantly distorted and damped by river discharge (Fig. 3a). The CHA hindcast only
explains 80.0% of the signal variance and has an RMSE of 0.24 m and an MAE of 1.80
m. This unsatisfactory result indicates that CHA is unable to describe the nonlinear
process of tidal-fluvial interplay. The amplitudes of M2 and Ki tides at Longview

decrease to 0.43 and 0.20 m, respectively. The amplitudes of shallow water constituents
15
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obtained from the CHA method have an obvious increase especially the Msf and Ma
tides (Table 1) due to the nonlinear interaction between tides and river discharge. Other
high-frequency constituents such as the Me and Ms tides are still very weak though their
amplitudes have increased.

4. Results

4.1 The results of NS_TIDE

Astoria is selected as the reference station in the NS TIDE model for providing
the ocean tidal range forcing. The parameter 1 for the modified Rayleigh criterion
(Matte et al., 2013) in NS_TIDE is set to 0.20 (see Table 2, 26 tidal constituents are
resolved). It should be noted that the long-period tidal constituents, such as Mf (13.66
days), Mst (14.77 days), Mm (27.55 days), Ssa (182.59 days), and Sa (365.18 days)
tides are indirectly contained in the variations of the sub-tidal water levels (Eq. (3)) and
do not be extracted separately to avoid overfitting. The hindcast of the NS TIDE model
is performed with tidal constituents whose time-averaged signal-to-noise ratios (SNRs)
larger than two.

Results obtained by NS TIDE are obviously improved compared to CHA at
Longview: the NS _TIDE hindcast explains 94.48% of the signal variance and has an
RMSE o0f 0.13 m and an MAE of 0.81 m. The hindcast obtained by NS _TIDE shows a
high consistency with the water level observations at most periods. The correlation
coefficient between the model results and the measurements is 0.97. However, the

difference between the model results and the measurements is more significant during
16
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high-flow events (Fig. 4b). As shown in Fig. 3b, there is a sudden rise in river discharge
in early February 2003 which is caused by flow regulation. This transient high-flow
event sharply increases the water levels and depresses the tides at Longview (Fig. 4a).
The offset between NS TIDE hindcast and observations (blue dashed box in Fig. 4a
and Fig. 4b) indicates that NS TIDE successfully reproduces the tidal variations but
fails to accurately reconstruct sub-tidal variations during high-flow events.

Fig. 5 displays the time-dependent K and Mz tidal heights extracted by NS_TIDE.
Both K1 and M2 tides oscillate following the non-stationary external forcing. The mean
amplitudes of the time-dependent K1 and Mz tidal constituents at Longview from the
NS TIDE model are 0.19 and 0.45 m, respectively. The amplitudes of the Ki and M2
tidal constituents are significantly reduced during the high-flow event in early February
2003 (blue box in Fig. Sb). Furthermore, both Ki and M2 tides have clear neap-spring
oscillations related to semimonthly changing bottom friction.

4.2 The results of EEMD

Water level records at Longview are decomposed into 13 IMFs via EEMD (Fig.
6). Table 3 shows that the mean periods of the most EEMD modes nearly double those
of their previous one, indicating that EEMD is a dyadic filter (Wu and Huang, 2004;
Flandrin et al., 2004). The mean period and mean amplitude of IMF1 are 4.20 h and
0.04 m, respectively, which indicates that IMF1 mainly consists of high-frequency
shallow water constituents. The mean period and mean amplitude of IMF2 are 12.44 h

and 0.43 m, respectively, which are nearly the same as the period and amplitude of M2
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tidal constituent (12.42 h and 0.43 m). This indicates that IMF2 is dominated by M2
tide. The mean period and mean amplitude of IMF3 are 23.57 h and 0.18 m, respectively,
very close to the period and amplitude of K tide (23.93 h and 0.20 m), which indicates
that IMF3 may be dominated by K tide. For the rest EEMD modes, their mean periods
are significantly larger than 1 day. Therefore, they represent sub-tidal oscillations with
different time scales. IMF6 (mean period 9.87 days) may correspond to Mt tide (9.12
days) and Mst tide (9.56 days). IMF10 may correspond to the solar annual tide Sa since
its mean period is very close to one year. Note that the mean amplitudes IMF11 and
IMF12 are nearly zero, while IMF13 is monotonous and does not have any peaks. The
sum of IMFs 11-13 may represent the long-term trends that are not resolved in this
study because of the length of the data. The sum of IMFs except for the first three can
be regarded as sub-tidal water levels (green line in Fig. 7). It is obvious that the sub-
tidal water levels obtained by EEMD are more accurate than those obtained by
NS TIDE, especially during high-flow events (Fig. 7).

To show the mode mixing phenomenon in the EEMD method, spectral analysis is
conducted on the IMFs of the EEMD model. It can be seen from Table 3 that the IMFs
from the 4" to the 13" contain the tidal signals with frequency smaller than diurnal tides
(D1), which means those IMFs are from the same tidal species (i.e., subtidal tides, Do)
but with different periods. Therefore, spectral analysis is only applied to the IMF1,
IMF2, and IMF3 of the EEMD model to compare their energy distribution with

different frequency bands. It can be seen from Fig. 8a that Quarter-diurnal (D4) tides
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are the strongest in IMF1, but the amplitudes of semi-diurnal (D) tides, terdiurnal (D3),
and penta-diurnal (Ds) tides are also noticeable. The IMF2 (Fig. 8b) is dominated by
D» tides, while the amplitudes of D1, D3 and D4 tides are relatively smaller. The IMF 3
(Fig. 8c) is dominated by D1 tides but includes a small part of the energy of D2 tides.
Fig. 8 indicates that D> tides are split into three modes (IMF1, IMF2 and IMF3), while
D tides are split into two modes (IMF2 and IMF3). D3 and D4 tides are divided into
two modes (IMF1 and IMF2). Since these EEMD modes still contain oscillations of
dramatically distinct time scales, the problem of mode mixing is not completely solved.

Similarly, spectral analysis is performed on the IMF1 and IMF2 obtained by EMD
as they contain the tidal signal with frequencies equal to or higher than diurnal tides. It
is clear from Fig. 9 that IMF1 and IMF2 are dominated by D2 and D1 tides, respectively.
As displayed in Fig. 9a, EMD fails to separate D3, D4 and Ds tides from D2 tides.
Compared to EMD, EEMD (Fig. 8a and Fig. 8b) partly separates D3, D4 and Ds tides
from D2 tides. However, this separation is not perfect and complete, and thus the

problem of mode mixing still exists.

4.3 The results of VMD

The VMD model coefficients of @, T and ¢ are specified as 2000, 0, and 1077
which are referred to Dragomiretskiy and Zosso (2014). Water levels at Longview are
decomposed into 12 modes through VMD (Fig. 10). Table 4 lists the mean periods and

amplitudes of VMD modes. The VMD mode 1 represents the sub-tidal oscillations
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(mean period 4.74 days). As shown in Fig. 7, the sub-tidal water levels obtained by
EEMD and VMD are highly consistent with each other. The mean period and mean
amplitude of VMD mode 2 are 23.95 h and 0.21 m, respectively, which indicates that
mode 2 is dominated by K tide. The mean period and mean amplitude of VMD mode
3 are 12.44 h and 0.45 m, respectively, which indicates that mode 3 is dominated by M2
tide. For the rest of VMD modes, based on their mean periods and amplitudes, they
correspond to D3, D4, Ds, D¢, D7, Ds, Do, D10, and D11 tides, respectively. It should be
noted that the mean amplitudes of modes 8-12 are less than 0.01 m, which means that
they are relatively insignificant to the total water level variations.

Fig. 11 shows the Fourier spectrum maps of modes 2-9 obtained by VMD to
compare the energy distribution of the modes with frequencies between D1 to Ds tides.
Mode 2 only contains D1 tides, while mode 3 only contains D2 tides. Modes 4-9 only
have D3 — Ds tides, respectively. Comparing Fig. 11 to Fig. 8, it is clear that the
oscillations with different time scales are strictly divided into different VMD modes
and no mode mixing exists. All tidal species are perfectly separated from each other,
which can be illustrated by Eq. (13). The center frequencies of each VMD mode are
respectively estimated based on the center-of-gravity of each mode’s power spectrum
and they will be allocated to different tidal species. Estimating each VMD mode
through the frequency domain enables the VMD method to be less sensitive to noises
and have the advantage of avoiding mode mixing.

The upper envelope of mode 3 and mode 4 in Fig. 10 can be regarded as D2 and
20
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D3 amplitudes, respectively (Fig. 12). Both D2 and D3 amplitudes show clear
semimonthly cycles related to neap-spring variations in bottom friction. These
semimonthly cycles in tidal amplitudes are larger when the river discharge decreases,
which is consistent with the theory of Eq. (4) and Eq. (5). D2 amplitude is negatively
correlated to the river discharge. For example, when the total river discharge of
Columbia River and Willamette River peaked in early February 2003 (Fig. 12b), the
D> amplitude reached the minimum at the same time (blue dashed line in Fig. 12a).
However, Fig. 12¢ shows that the D3 amplitude did not reach the lowest value when the
river discharge peaked in early February 2003. This indicates that the response of D3
tides to river discharge is distinct from D2 tides. D2 tides are astronomical, while D3
tides are nearly non-astronomical and mainly generated from the nonlinear interaction
between D1 and D2 tides. For example, the largest tidal constituent in D3 tides at
Longview is MK3 which is originated from the nonlinear interaction between Ki and
Mz tides. For these shallow water tidal constituents, the effect of river discharge is dual.
First, river discharge enhances the nonlinear interaction between major tides and
transfers the energy from D1 and D2 tides to shallow water constituents. Second, river
discharge plays a frictional effect on tides and thereby impedes the propagation of tides.
The increment of river discharge can enhance the energy transfer from D1 and D2 tides
to D3 tides but also play a stronger frictional effect on D3 tides. The dual effects of river
discharge on tides are also reported in previous studies (Guo et al., 2015; Guo et al.,

2020). Therefore, the response curve of D3 amplitudes to river discharge should be non-
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monotonic and may exist a threshold value. In general, the VMD method captured the

non-stationary feature of tides successfully.

5. Discussions
5.1 Detiding river discharge data

In section 4, the performance of VMD on processing estuarine water levels is
shown. In fact, in tidal rivers, not only water levels but also river discharge observations
are modulated by tides. Such tidal modulations are complicated and present strong non-
stationarity. Removing the non-stationary tidal influence from observations is usually
called as “detiding” (Hoitink and Jay, 2016). Detiding is a general challenge but a
fundamental task. Accurate removal of tidal discharge from observed discharge time
series 1s necessary and vital for numerous proposes, such as climate analyses,
freshwater resources management, and coastal ecosystem research (Moftakhari et al.,
2013, 2016).

Fig. 13a displays the observed hourly river discharge (provided by USGS) for a
year (October 2007 - October 2008) at Portland, Oregon (Fig. 2). Positive discharge
values mean that flow propagates seaward, while negative discharge values mean that
flow propagates landward. It can be seen from Fig. 13a that the flow direction of the
observed discharge changes with time. When freshwater discharge is large, tidal
discharge is negligible. However, when freshwater discharge becomes weak, tidal

discharge becomes significant. To obtain freshwater discharge, the VMD method is
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used on the river discharge measurements (Fig. 13a). Fig. 13b shows the freshwater
discharge extracted by VMD (red line). VMD accurately removes the non-stationary
tidal discharge and obtains reliable freshwater discharge. The Fourier spectrum maps
of the related VMD modes 2-9 are displayed in Fig. 14. The D1 to Ds tides are perfectly
divided into different VMD modes, while the energy from freshwater discharge is fully
extracted out.

The same detiding works are conducted again by EEMD for further comparison.
The Fourier spectrum maps of EEMD IMFs 1-4 are displayed in Fig. 15. The D4 tide
energy appears in IMF1 and IMF2, while D2 tide energy resides in IMF2 and IMF3.
The D1 tides majorly exist in IMF4 but partly arises in IMF2. Fig. 15 clearly shows that
the mode mixing phenomenon also exists when the EEMD method is used to
decompose the time series of river discharge influenced by tides. Compared to EEMD,
it is clear from Fig. 14 that VMD is more suitable to remove tidal discharge and analyze
the multi-time scale tidal variability in discharge time series.
5.2 Advantages and Disadvantages of NS_TIDE, EEMD and VMD

Compared to NS_TIDE which is specially designed for water levels in tidal rivers,
both EEMD and VMD are general methods for all kinds of non-stationary and nonlinear
time series. In section 5.1, the application of the VMD method to separate freshwater
discharge from observed river discharge containing tidal discharge is demonstrated. In
fact, not only discharge, water temperature, turbidity, suspended sediment

concentration and other parameters in fluvial estuaries are all influenced by tide-river
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interaction. These parameters can also be analyzed by VMD. In this paper, river tides
are used as an instance to illustrate the application of VMD. However, it is fully
expected that VMD is also suitable for other non-stationary tides, while NS_TIDE is
not suitable. Furthermore, by comparing the results of VMD and NS TIDE, this study
points out again that NS TIDE cannot accurately reproduce sub-tidal water levels
during high-flow events. Gan et al. (2019) proposed a modified NS_TIDE model which
replaced the stage model with the frequency-expanded tidal-fluvial model. Although
the hindcast of the modified NS_TIDE has been obviously improved compared to the
original NS _TIDE model, the accuracy of the predicted water levels obtained by the
modified NS TIDE is virtually reduced due to overfitting.

Compared to EMD, although the results of EEMD are improved and the problem
of mode mixing is partly solved to some extent, there is still room for further
improvement. In comparison with EEMD, VMD perfectly eliminates mode mixing and
each mode only contains oscillations with similar frequencies. When applied to
estuarine tide levels, each VMD mode has a physical meaning and is related to tidal
species. The non-stationary features captured by the VMD model are generally
consistent with the theory of tide-river interplay.

Although powerful and useful, VMD also has potential limitations. VMD can only
separate different tidal species from each other and cannot extract specific tidal
constituents such as the Mz, Sz, Ki and O tidal constituents. This is actually the

common limitations of signal analysis tools because they need to make a tradeoff
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between the resolutions in time domain and frequency domain. All signal analysis
methods follow the Heisenberg Principle (Flinchem and Jay, 2000). With the increase
of the resolution in the time domain, their resolution in the frequency domain should
decline. M2 and S> tidal constituents belong to D: tides due to their close frequency.
They are divided into the same VMD mode (Mode 3 in Fig. 10). However, they can not
be further separated because of the resolution limitation of the VMD model in the
frequency domain. Relative to the signal analysis methods such as the VMD and EEMD
models, NS TIDE may be the only tool to extract specific tidal constituents but also
keep the time-dependent tide properties. In other words, the NS TIDE model has the

finest resolution in the frequency domain.

6. Conclusions

The VMD method has been widely used to analyze various signals, but to our
knowledge, the application of VMD to non-stationary tides is nonexistent. Application
of the VMD method to analyze river tides is a new idea that is verified in this research
for the first time. VMD strictly divides different tidal species into different modes, and
thus avoids mode mixing. The non-stationary characteristics of tides induced by tide-
river interaction are captured accurately. The sub-tidal water levels obtained by VMD
are highly consistent with those obtained by EEMD and more accurate than those
obtained by NS TIDE. As the first effort to adopt the VMD method to separate tidal

discharge from freshwater discharge, it is found in this study that VMD is superior to
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EEMD when dealing with non-stationary tidal time series.

Both VMD and NS TIDE are useful non-stationary signal analysis tools. The
biggest advantage of NS_TIDE over the VMD method is the capacity to resolve specific
tidal constituents. Compared to NS TIDE, a great advantage of the VMD is that it is a
general method and can be applied to analyze non-stationary tidal time series with
dynamic mechanisms unclear. The combination of VMD and NS_TIDE can help us
know more about water level dynamics in tidal rivers, and thus better protecting people
who live nearby the river. It is expected that the VMD method can prove its value in
future studies of the non-stationary and nonlinear processes like internal tides or tidal

influence on the environment.
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530

531

532

533
534

535

536

537

Tables:
Table 1. Tidal constituents at Longview (rkm 107) with amplitudes greater than 0.05

m and signal-to-noise ratios (SNRs) greater than two (extracted from the data of 2003

by the CHA method).
Tidal Amplitude Phase Signal-to-noise
Constituent (m) (deg) ratio (SNR)

Sa 0.38 257.22 21

Ssa 0.13 302.57 33
Msf 0.17 312.29 5.7

O1 0.10 347.25 410

Py 0.05 274.76 160

Ki 0.20 265.75 1800
N2 0.08 225.39 98

M2 0.43 331.31 3200

S2 0.10 284.68 150

Ko 0.05 86.67 44
MOs3 0.05 231.23 80
MK3 0.07 156.76 89

M4 0.08 230.00 300

Table 2. Selected 26 tidal constituents in the NS TIDE model for the water levels at

Longview in 2003.
Tidal species Tidal constituents
D1 ALP1, SIG1, Q1, O1, NO1, K1, Ji, SO1, UPS)
D> EPS2, N2, M2, S
Ds MOs3, MK3, SK3
Da4 MN34, M4, MS4, SK4
Ds 2MKs
Ds 2MNs, Ms, 2MSe
D~ 3MK>
Ds Ms
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538 Table 3. Mean amplitudes and periods of EEMD modes at Longview station for the

539 water levels of 2003
Mode Number of peaks Mean period Mean amplitude
(day) (m)
1 2089 0.18 0.04
2 705 0.52 0.43
3 372 0.98 0.18
4 223 1.64 0.03
5 89 4.10 0.05
6 37 9.87 0.11
7 20 18.26 0.08
8 8 45.66 0.13
9 4 91.32 0.08
10 1 365.30 0.23
11 1 365.30 0.00
12 1 365.30 0.00
13 - - -

540 Table 4. Mean amplitudes and periods of VMD modes at Longview station for the

541 water levels of 2003
Mode Number of peaks Mean period Mean amplitude
(day) (m)
1 77 4.74 1.69
2 366 1.00 0.21
3 705 0.52 0.45
4 1072 0.34 0.09
5 1411 0.26 0.10
6 1762 0.21 0.03
7 2122 0.17 0.01
8 2479 0.15 0.008
9 2830 0.13 0.007
10 3194 0.11 0.005
11 3622 0.10 0.002
12 4142 0.09 0.002
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Fig. 1. Flowchart of this study.
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547 Fig. 2. Map of the Columbia River Estuary and the location of the tide gauges.
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551 Fig. 3. (a) Water level observations at Astoria and Longview (increased by 3 m) in
552 2003. (b) Synchronous river discharge for the Willamette River and the main stem of
553 the Columbia River (at Bonneville Dam).

554

39



555

556

557

558

RMSE:

Water levels (m)
\S}

‘ Corrf‘:lation‘ coeff{cient: ‘0.96

0.15m

. Obéervafion
777777777 NS_TIDE hindcast

Jan Feb Mar Apr

4

ay Jun Jul Aug Sep Oct Nov Dec
Month in 2003

Water levels (m)
[\S)

| ______ _I W\
1t 1
RO ‘ ‘ ‘ ‘
Jan/23 Jan/26 Jan/29 Feb/01 Feb/04 Feb/07 Feb/10
Day in 2003

Fig. 4. (a) Water level observations in 2003 of Longview station and the synchronous

hindcast results of the NS_TIDE model. (b) Same as (a), but in early February 2003.
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561 Fig. 5. Extracted time-dependent K (a) and Mz (b) tidal heights between January 10

562 to February 28 of 2003 from the NS _TIDE model hindcast results of Longview
563 station.
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570 Fig. 7. Comparison of the sub-tidal water levels between January 20 and February 13
571 of 2003 obtained by the NS_TIDE, EEMD, and VMD models.
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Fig. 8. Fourier spectra map for (a) EEMD IMF 1, (b) IMF 2, and (c) IMF 3 for the

water levels of Longview station in 2003.
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578 Fig. 9. Fourier spectra map for (a) EMD mode 1 (b) mode 2 for the water levels of

579 Longview station in 2003.
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Fig. 10. The 12 VMD modes for the water levels of Longview station in 2003.

46



— ~ r - r . , .
E "G Mode 2 04 5y Mode 3
&
2 01y 0.2
E
< 0 0
ooy 2 3 456 78 123 40567 8
E " l@erModeds @) Mode 5 | '
=
2 005 0.05
=
=
-:':_ U 4 n i " " " " U L " i "
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
% 107
= 0.015 vy .
5 (e): Mode 6 (F): Mode 7
2 0.0l
2 2
= 0.005
E
< 0 0
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
o g X107 4 2107
E (2): Mode 8 (h): Mode 9
3
2 2t 2
2
=
< 0 0
1 2 3 4 5 6 7 8 I 2 3 4 5 6 71 8
Frequency (cpd) Frequency (cpd)

584

585  Fig. 11. Fourier spectra map of the VMD model from mode 2 to mode 9 for the water

586 levels of Longview station in 2003.
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Fig. 12. (a) D2 amplitudes at Longview (b) Discharge forcing in the lower Columbia
River (sum of river discharge at Bonneville Dam of Columbia River and Portland of

Willamette River); (c) D3 amplitudes at Longview for the data in 2003.
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593 Fig. 13. (a) Portland discharge observations from 2007 October to 2008 October. (b)

594 Freshwater discharge obtained by VMD from October 2007 to February 2008.
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598 Fig. 14. Fourier spectra map of the VMD model from mode 2 to mode 9 for the

599  observed river discharge of Portland station between 2007 October and 2008 October.
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