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Abstract. Shoreline variability is commonly interpreted through linear links with external forcings, yet many coastal systems

display oscillatory modes whose origin cannot be traced to any single forcing frequency. Here, we show that a robust and

regionally recurrent quasi-biennial (20–30 month) mode of shoreline variability emerges from a nonlinear triadic resonance

between the semi-annual (≈6 month) components of wave energy and the corresponding delayed shoreline response. Using

satellite-derived shoreline time series (1993–2019), a set of known environmental drivers, and an iterative cross-EOF method to5

remove all linear forcing contributions, we identify a persistent residual peak centered at 24–26 months that is absent from the

forcing spectra themselves. This peak arises from resonance between two near semi-annual frequencies, specifically through

excitation of the shoreline by semi-annual wave forcing that produces a phase-shifted (lagged) near semi-annual shoreline

response. The semi-annual wave forcing originates from two mechanisms: (1) phase opposition between local wind-sea and

remote swell along eastern boundary systems, and (2) asymmetric annual wind forcing in monsoonal regions and semi-enclosed10

basins. A global triadic phase-coupling analysis confirms that these near semi-annual components interact nonlinearly to inject

energy at the difference frequency, producing the emergent ≈24-month mode, which represents, on average, 15% of the total

dataset’s shoreline variance in resonance-prone regions. These results establish nonlinear resonance as a fundamental and

previously overlooked mechanism shaping shoreline variability at regional scales, with implications for understanding and

predicting coastal response to changes in storm seasonality and wave-climate asymmetry.15

1 Introduction

In the mid-eighteenth century, the composer Giuseppe Tartini reported a notable acoustic phenomenon: when two notes of

different frequencies are played simultaneously on a violin, listeners perceive a third tone whose frequency corresponds to the

interaction between the two (Tartini, 1754). This combination tone, generated by the nonlinear response of the human auditory

system (Barral and Martin, 2012), is one of the earliest documented examples of nonlinear resonance. The underlying principle20

has found echoes far beyond acoustics, as nonlinear phase coupling plays a key role in the emergence of complex dynamics

from interacting oscillatory components (Amman et al., 1941; Brown, 2011; Nayfeh and Mook, 2024).

In geosciences, the idea that environmental signals can interact to produce emergent frequencies is equally relevant. Many

natural systems are driven by multiple oscillating forcings acting on different timescales, and their resulting dynamics often
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display nonlinear characteristics (e.g. threshold responses, alternative stable states, or road to chaos). Such behavior has been25

documented in coastal shallow systems (McGlathery et al., 2013), in interactions between climate modes and the annual cycle

(Jin et al., 1994; Stuecker et al., 2013; Boucharel and Jin, 2020; Jiang et al., 2023), and in ecosystem responses to climatic

variability (Burkett et al., 2005; Linscheid et al., 2020).

Yet, in coastal geomorphology, where sandy beaches continuously adjust to waves, tides, river discharges, and climate

oscillations, this nonlinear perspective has received comparatively little attention. Most previous studies have adopted a linear30

cause–effect framework, correlating shoreline change directly with individual drivers such as wave energy, sea-level anomalies,

or climate indices (Almar et al., 2023; Warrick et al., 2025; Graffin et al., 2025a). While these approaches have substantially

advanced our understanding of coastal dynamics, they implicitly assume that shoreline variability can be decomposed into

independent responses to distinct forcings.

However, beaches respond to environmental forcing with delays and memory effects (Davidson et al., 2013; Turki et al.,35

2012), raising the possibility that the shoreline does not merely track external variability, but may interact nonlinearly with the

forcing itself. In such a framework, emergent modes of variability could arise that cannot be attributed to any single frequency

of the driver. This idea is supported by recent work highlighting combination tones arising from the synchronization between

the El Niño–Southern Oscillation and the seasonal cycle, which imprint on wave forcing (Almar et al., 2023; Boucharel et al.,

2021), suggesting that nonlinear interactions between climate modes can propagate into coastal systems.40

Independent evidence that coastal morphodynamic systems may exhibit intrinsic temporal scales beyond direct forcing has

also been reported. In particular, intersite analyses of nearshore sandbar dynamics have revealed a wide range of characteristic

interannual timescales that vary substantially between sites and cannot be conclusively related to differences in external forcing

conditions (Ruessink et al., 2003). These findings support the interpretation of nearshore morphology as a forced, nonlinear

dissipative system, in which internal dynamics can generate site-specific temporal behavior rather than a unique, forcing-45

controlled response. If such intrinsic timescales exist in nearshore morphology, it is reasonable to hypothesize that similar

behavior may also affect shoreline position.

Consistent with this hypothesis, observations of shoreline and nearshore bathymetric variability have occasionally revealed

interannual oscillations whose origin remains unresolved. Using singular spectrum analysis of long-term observations at Duck,

North Carolina, Magar et al. (2012) identified recurrent oscillatory components with periods of approximately 2 years. These50

signals were not spatially coherent across the nearshore zone and could not be robustly attributed to wave climate, sea-level

variability, or large-scale climate indices. The existence of such unexplained near-biennial variability highlights an unresolved

gap in our understanding of shoreline dynamics and motivates the exploration of nonlinear and internal mechanisms.

Progress on this question has long been limited by observational constraints, as traditional coastal monitoring relies on site-

specific surveys with restricted spatial coverage and limited temporal continuity (Smith and Benson, 2001; Turner et al., 2016;55

Ludka et al., 2019; Banno et al., 2020), making it difficult to detect nonlinear frequency couplings that require long, continuous,

and spatially consistent datasets.

The recent development of satellite-derived shoreline (SDS) datasets (Vos et al., 2020, 2023b; Almar et al., 2023; Graffin

et al., 2025a, b; Luijendijk et al., 2018; Castelle et al., 2023; Konstantinou et al., 2023; Turner et al., 2021) now offers a
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unique opportunity to revisit this problem. Multi-decadal, globally consistent observations of shoreline position enable the60

investigation of nonlinear interactions between coastal morphology and environmental forcings at regional scales, moving

beyond site-specific correlations to assess whether shorelines exhibit resonance-like behavior driven by interacting forcings

and lagged responses.

In this study, we identify a nonlinear triadic phase coupling between the semi-annual frequency of wave energy (f1 ≈
[0.14− 0.2] month−1; periods of ≈ 5-7 months) and a lagged shoreline response of similar frequency interval (f2 ≈ [0.14−65

0.2] month−1). This interaction generates an emergent frequency f3 = |f1− f2| ≈ [0.031− 0.048] month−1, corresponding

to periods of approximately 21-32 months, detectable at regional scales.

We further show that the semi-annual shoreline response arises from two distinct mechanisms: (1) a semi-annual phase shift

between swell and wind-wave forcing impacting the coast, and (2) asymmetries in the annual cycle associated with anticipated

or delayed storm seasons, particularly in tropical cyclone–affected basins and semi-enclosed seas. Overall, our results indicate70

that approximately 15% of the dataset’s regional shoreline variability can be attributed to this nonlinear combination tone,

underscoring the importance of nonlinear phase coupling in coastal morphodynamics.

The remainder of the paper is structured as follows. Section 2 describes the datasets and the methodology used to detect

significant resonance. Section 3 presents the main global-scale results, including in situ comparisons and an analysis of the

physical mechanisms driving resonance excitation frequencies. Section 4 summarizes the main implications of this work and75

outlines future research perspectives. Section 5 acknowledges the limitation of the present work. Section 6 concludes the paper.

2 Methods

2.1 Dataset and signal processing

2.1.1 Shoreline dataset

The shoreline dataset, S [m], analyzed here extends over roughly∼ 1.5×106 km of global coastline, aggregated both regionally80

and seasonally (covering 3-month intervals and 3° alongshore) with an average alongshore sampling resolution of 0.27°. Each

transect reflects the mean of waterlines detected within a 500-meter buffer, derived from 30-meter imagery. By increasing

the number of aggregated observations, the detection threshold is lowered, and uncertainty is reduced. While the individual

sampling Root Mean Square Error (RMSE) is typically around 10–15 meters (Vitousek et al., 2023), this approach achieves a

minimum detectable shoreline change of ∆X95% ≃ 0.5–1 meter. Following Almar et al. (2023), monthly shoreline positions85

were extracted for 1993–2019 using the SDS framework. This method applies the Normalized Difference Water Index (NDWI)

to Landsat 5, 7, and 8 imagery processed on the Google Earth Engine. The detected waterline, defined as the instantaneous

land–sea interface, is used as a proxy for shoreline position. Recent multi-scale validation along the U.S. west coast (Almar

et al., in review) confirmed the reliability of SDS time series across scales, from high-resolution (200 m) to coarser products

(∼25 km). The validation was performed against a tide-corrected high-spatial resolution dataset itself benchmarked against90
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sparse in situ sites (Graffin et al., 2025a). This assessment demonstrated that even coarse-resolution SDS captures seasonal to

interannual shoreline variability over regional scales (∼600 km).

One limitation of SDS is the absence of tidal correction, as well as issues of SDS methods with large tidal range sites (Graffin

et al., 2025b), which can add positional uncertainty in meso- to macrotidal settings (Warrick et al., 2024; Konstantinou et al.,

2023). To minimize this effect, we restricted the analysis to microtidal coasts (tidal range< 2 m), where positional uncertainties95

typically remain within 5–10 m (Sánchez-García et al., 2020; Vos et al., 2023b; Bergsma et al., 2024). This filtering ensures

that shoreline changes mainly reflect morphodynamic responses rather than tidal artifacts.

To further refine the dataset toward dynamic sandy coasts, a multi-step spatial filter was applied.

To increase the significance of our analysis, an additional multi-step spatial filter was applied to isolate open, sandy coasts.

Estuaries and sheltered, low-energy environments were removed using a spatial density mask, while muddy shorelines (about100

15% of the global coast) were excluded following the classification of Hulskamp et al. (2023). The resulting dataset spans

∼ 7.4× 104 km of sandy shoreline, providing a robust basis for regional to global analyses of SDS variability.

2.2 External forcings dataset

Offshore wave conditions were obtained from the extensively validated ERA5 reanalysis (Hersbach, 2018; Dee et al., 2011;

Sterl and Caires, 2005), which provides a globally consistent dataset at hourly resolution. Significant wave heights (Hs) for105

1948–2018 were extracted twice a day (at 00:00 and 12:00 UTC), interpolated onto the grid of the SDS dataset, and used to

compute monthly mean wave energy (Ew [J·m−2]) as:

Ew =
1
16
ρgH2

s , (1)

where ρ is the seawater density and g the gravitational acceleration.

Sea level anomalies (SLA [m]), defined as departures from long-term regional mean sea level estimated with a 5-month110

running average, were derived from the multi-mission satellite altimetry product SSALTO/DUACS (Pujol et al., 2016) further

completed with modeled atmospheric effects (Carrere et al., 2022) also known as "storm surge". This aggregated SLA captures

variability arising from diverse processes, including barotropic responses to winds and pressure, coastal upwelling, tidal resid-

uals, and large-scale geostrophic circulation. For consistency with shoreline observations, SLA time series were interpolated

onto the SDS transect locations.115

Continental freshwater fluxes ([m3.s−1]) were extracted from the ISBA–CTRIP land surface–hydrology model (Decharme

et al., 2019). This coupled system, validated using multiple databases of in-situ daily measurements collected from large rivers

in diverse environments, resolves surface water and energy budgets (ISBA) and routes total runoff through river networks to the

ocean (CTRIP), yielding daily discharge fields at 0.5◦ resolution since 1979. To match the shoreline record, monthly resolved

discharges were interpolated onto the SDS transects for 1993–2019. Co-locating river discharge and shoreline data enables120

direct assessment of fluvial influence on coastal dynamics, both through sediment supply to the littoral system and through

buoyancy-driven modifications of local sea level near river mouths.
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Finally, to account for the influence of large-scale climate variability on shoreline dynamics (Almar et al., 2023; Vos et al.,

2023a; Graffin et al., 2025a), we considered several climate indices: the North Atlantic Oscillation (NAO), the Southern An-

nular Mode (SAM), and the El Niño–Southern Oscillation (ENSO) (Wolter and Timlin, 1998; Hurrell, 1995; Marshall, 2003).125

Moreover, ENSO variability was represented by the Niño3.4 index, together with its two leading spatial expressions, the East-

ern Pacific (E) and Central Pacific (C) modes, derived from the first two rotated principal components of the EOF analysis of

interannual SST anomalies (Takahashi et al., 2011). Finally, to investigate possible resonant or compound effects due to the

ENSO C-mode variability (Stuecker et al 2013), we further defined the following seasonally modulated indices:

Ecomb(t) = E(t)cos
(

2π(t−T0)
Tyear

)
, Ccomb(t) = C(t)cos

(
2π(t−T0)
Tyear

)
, (2)130

where T0 is a reference phase (fixed at November as ENSO peaks in boreal winter) and Tyear = 12 months. These combined

indices capture the interaction between interannual ENSO variability and the seasonal cycle (Boucharel and Jin, 2020).

2.2.1 Extraction of a deseasonalized residual shoreline signal

The objective of this signal processing step is to isolate shoreline variability that is not directly attributable to known external

forcings, in order to investigate whether an emergent frequency f3 arises from internal or nonlinear interactions rather than135

from any individual hydro/morphodynamic or climate driver. To this end, the shoreline signal must be decomposed so that

residual variability reflects departures from linear, seasonally forced behavior.

The detrended satellite-derived shoreline position (SDS), denoted S(t), and the forcing time series (hereafter referred to

as Xi(t), where the index i denotes the different environmental drivers considered in the study and described in the previous

section) were first smoothed using a 3-month running average. This operation reduces high-frequency variability associated140

with short-lived events and measurement noise, while preserving intra-seasonal to interannual variability relevant to the targeted

frequency range.

All time series were then interpolated onto a common monthly time axis to ensure temporal consistency across datasets. Prior

to further analysis, each signal was normalized by its standard deviation. This normalization prevents differences in variance

across forcings from biasing subsequent analyses and ensures that the extraction of residual variability is driven by dynamical145

relationships rather than by amplitude differences between signals.

SDS time series were deseasonalized using a monthly mean climatology estimated within a (2K + 1)-year sliding window,

with K an integer, to account for the seasonal cycle inter-annual modulation (e.g., Boucharel et al. (2013)). For each monthly-

based time step t, a mean seasonal signal ⟨S⟩clim(t) was thus computed as:

⟨S⟩clim(t) =
1

2K + 1

K∑

j=−K

S(t+ j× 12-month) (3)150

Here K = 1 was chosen, i.e. a ±12-month sliding windows (Fig. 1). Various sliding window ranges were tested (3- to 7-years)

without showing significant differences. The one retained here was chosen for its compromise between sufficient temporal

extension to capture seasonal cycle variability and shortness to avoid losing signal amplitude within each seasonal oscillation.
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Figure 1. Illustration of the signal processing method used to remove the linear influence of all forcings from SDS signals. First,

the seasonal climatology (⟨S⟩clim(t)), dynamically computed over a 2-year window, is removed from the original SDS signal (S(t)) to

obtain S′(t). Then, the forcing list Xi(t) is used iteratively: the first EOF mode of forcing Xi is computed with S′i(t) and removed from

it, producing the signal S′i+1(t). This signal is then used with the next forcing in the list, and so on. To avoid the influence of forcing order

on the final residual signal, a Monte Carlo procedure is applied by computing K random permutations of the forcing list. The K resulting

iterations are then averaged to generate the final residual signal Sres. Tests showed that convergence is reached for K ≥ 100; here, K = 500

was chosen.

The deseasonalized shoreline anomaly is then:

S′(t) = S(t)−⟨S⟩clim(t) (4)155

Shoreline anomalies were subsequently band-pass filtered with a 4th-order Butterworth filter (Roberts and Roberts, 1978),

retaining 6–48 month periods to remove long-term interannual variability (≥ 5 years) that would be to long for the time window

available. Regional aggregation, necessary to reduce spatial noise and account for coasts with similar wave orientations, was
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performed according to transect neighbors’ bearing angles (θ). The bearing angle was averaged over a D = 500 km radius, and

sites within δθ =±15◦ were merged.160

Finally, we isolated the component of shoreline variability independent of the known linear influence of external forcings

using a cross-EOF (cEOF) iterative removal approach (Wilks, 2011; Hannachi, 2004). At each location, the residual shoreline

signal S′(t) was analyzed jointly with a set of potential climate and oceanic drivers {Xi(t)}, with i= 1, . . . ,10 corresponding

to NAO, SAM, Niño3.4, EENSO, CENSO, Ecomb, Ccomb, SLA, river discharge, and Ew.

At each iteration i, a cEOF decomposition between S′i(t), with S′0(t)≡ S′(t) and a given forcing Xi(t) allows identifying165

their leading mode, M̂ (i)
1 (t), representing the part of shoreline variability linearly linked to that specific driver (Fig. 1). This

mode was then reconstructed and subtracted from the shoreline signal as:

S′i+1(t) = S′i(t)− M̂ (i)
1 (t) (5)

thereby progressively removing the variance associated with each forcing. The process was repeated across all 10-drivers until

no significant linear covariance remained. The resulting residual series Sres(t) = S′i=10(t), thus represents the component of170

shoreline variability not explained by the direct, linear influence of the prescribed forcings (Fig. 1).

Because the order of removal can influence the resulting residual, we implemented a Monte Carlo ensemble strategy (Kroese

and Rubinstein, 2012). In this approach, the forcings were presented in randomized order, i.e. specific value of i being associ-

ated with a random driver in the list of the 10-drivers, across N iterations (N = 500), and the resulting residuals were averaged

to obtain a stable estimate. Convergence was evaluated by computing the root-mean-square error (RMSE) between ensembles175

means of increasing sizes (N=10:50:500), showing that stable convergence is achieved for N ≥ 100. This procedure ensures

that the final residual signal is robust with respect to the ordering of forcings.

To ensure that the cEOF methodology, does not introduce artificial frequencies, we applied the same routine to synthetic

time series composed of white and colored noise (red and pink). The results shown in Fig. 2 indicate that the method does not

generate spurious frequencies, even for temporally correlated noise, highlighting both its robustness and its unbiased nature.180

At last, coastal sediment redistribution is ultimately driven by oceanic forcings. Hence, in their absence (i.e., no ocean),

the beach profile would rapidly adjust toward a gravity-controlled equilibrium. Consequently, intrinsic dynamics in S′res are

expected to be limited, although potential feedbacks or unresolved processes cannot be fully ruled out. The remaining signal

is therefore mainly composed of (1) measurement noise, (2) the nonlinear influence of forcings and morphological feedbacks,

and (3) resonance-induced variability, suitable for spectral analysis.185
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Figure 2. Averaged residuals (N = 500) and corresponding power spectra obtained after applying the cEOF methodology to synthetic

noise. Left column (a, c, e): residual time series; right column (b, d, f): Fourier spectra of the residuals. (a, b) correspond to white noise, (c,

d) to five realizations of red noise, and (e, f) to five realizations of pink noise. The length of the synthetic time series is comparable to the

observational records (expressed in months). Red curve and dashed red curve denotes the 99 % and 95 % significance level, respectively.

2.3 Triadic phase coupling analysis

The necessary and sufficient conditions for resonance to arise are: (1) temporal phase coherence between the interacting signals,

and (2) energy input at or near the system’s natural frequency that is sufficient to balance dissipation (Brown, 2011). To evaluate

whether shoreline variability exhibits signatures of such nonlinear resonance, we performed a triadic phase coupling analysis

between three signals: (1) the high-frequency wave energy Ew(t)≡ x1(t), (2) the high-frequency shoreline position S(t)≡190

x2(t), both filtered to retain periods T < 7 months to capture the semi-annual component of both signals (see Appendix A),

and (3) the residual shoreline signal S′res(t)≡ x3(t), which represents variability independent of linear forcings and in which

an emergent resonant frequency may be observed. In order to obtain a robust signal reconstruction suitable for triadic phase

coupling analysis, it is essential to ensure that the reconstructed signals capture genuine sub-annual variability in shoreline

dynamics and wave forcing, rather than artifacts arising from seasonality, noise, or methodological bias (see discussion in the195

previous section). To this end, a sequence of wave filtering and signal processing steps was applied to the original time series

xi(t), with i= 1,2,3. These procedures were designed to isolate the frequency bands of interest while preserving the phase

relationships relevant to nonlinear interaction analysis. A detailed description of the filtering strategy and associated sensitivity
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tests is provided in Appendix A. Finally, we note that additional coupling tests were conducted using alternative environmental

drivers Xi(t) (i= 1, . . . ,9), distinct from the wave energy forcing Ew. No statistically significant resonances were detected in200

these cases. Consequently, the analysis presented hereafter focuses exclusively on the triadic coupling involving wave energy

and shoreline response identified above.

The rationale underlying triadic emergence is that, if shoreline dynamics partly arise from nonlinear interactions, a frequency

observed in the residual signal x3 may result from the interaction of oscillatory components present in both x1 and x2. In

particular, the interaction of semi-annual oscillations in these two signals can generate a combination frequency of the form:205

f3 ≈ |nf1−mf2|, where n andm are integers. Such nonlinear coupling produces two complementary frequency components: a

low-frequency component at |nf1−mf2| and a high-frequency component at nf1+mf2. In the present case, the high-frequency

component corresponds to periods approaching the Nyquist limit, defined as Pmin = 1/fNyq = 2 months (Shannon, 2006), and

is therefore not resolvable with the available temporal sampling. By contrast, the low-frequency component emerges clearly

in the residual signal as a robust and physically interpretable mode of variability. While higher-order combinations (n,m > 1)210

are theoretically possible in nonlinear systems, they generally correspond to weaker interactions and are rarely dominant in

geophysical signals. Consequently, the analysis focuses on the lowest-order interaction (n=m= 1), which is expected to

capture the most energetic and physically relevant triadic phase coupling. Demonstrating this coupling requires not only the

identification of spectral peaks but also confirmation of persistent phase coherence between the three signals. This is achieved

by retrieving the instantaneous phase and amplitude of the signals using the Hilbert transform.215

Therefore, each signal is standardized to zero mean and unit variance,

x′i(t) =
xi(t)−⟨xi⟩
σ(xi)

, i= 1,2,3, (6)

to enable direct comparison of their oscillatory components and to prevent differences in amplitude or physical units from

biasing the subsequent analysis.

To mitigate edge effects introduced by the Hilbert transform (Pikovsky et al., 2001), ntrim points were removed at both ends220

of each time series. This trimming avoids artificial phase wrapping and spurious phase locking near the signal boundaries. In

addition, a moving average of widthw was applied to suppress very short-scale variability that does not contribute meaningfully

to sub-annual oscillatory behavior.

The analytic representation of each normalized signal was obtained via the Hilbert transform,

zi(t) = x′i(t) + iH[x′i(t)] (7)225

from which the instantaneous phase and amplitude were derived as

ϕi(t) = arg(zi(t)), ai(t) = |zi(t)| (8)

Here, the phase ϕi(t) describes the timing of oscillations, while the amplitude ai(t) characterizes their instantaneous strength.

Because quasi-oscillatory signals in geophysical systems often exhibit strong temporal modulation of their amplitude, it is

essential to focus the analysis on intervals during which the three signals simultaneously carry significant energy. To this end,230

9

https://doi.org/10.5194/egusphere-2026-541
Preprint. Discussion started: 13 February 2026
c© Author(s) 2026. CC BY 4.0 License.



we defined a multiplicative amplitude weight,

A(t) = a1(t)a2(t)a3(t) (9)

Only time steps for which A(t) exceeded a threshold ζ, defined as the (1− ζ) quantile of A(t), were retained. This filtering

step minimizes the influence of low-amplitude intervals dominated by noise and ensures that the phase coherence metrics are

computed from dynamically meaningful oscillations.235

For a genuine triadic interaction, the phase combination

∆ϕ(t) = ϕ1(t)−ϕ2(t)−ϕ3(t) (10)

should remain approximately constant over extended time intervals. In the absence of coupling, ∆ϕ(t) behaves as a random

variable uniformly distributed in [−π,π], resulting in no systematic phase coherence. Conversely, nonlinear resonance mani-

fests as a clustering of ∆ϕ(t) around a preferred value, indicative of phase locking.240

The degree of phase clustering was thus quantified using the amplitude-weighted coherence metric:

Rw =
∣∣∣∣
∑

tA(t)ei∆ϕ(t)

∑
tA(t)

∣∣∣∣ (11)

The metric Rw approaches unity when the phase difference remains nearly constant over time, while assigning greater weight

to intervals characterized by strong oscillatory energy and down-weighting noisy fluctuations.

To assess the statistical significance of the observed coherence, Rw was evaluated against a null hypothesis of no coupling.245

While significance levels in classical wavelet coherence studies are often derived from Monte Carlo simulations of prescribed

noise processes (e.g., Gaussian white noise or AR(1) red noise; Maraun and Kurths 2004; Grinsted et al. 2004; Torrence

and Webster 1999), we adopted a non-parametric permutation approach. At each iteration, the phase of x1(t) was randomly

permuted while x2(t) and x3(t) were kept fixed, thereby preserving marginal distributions and amplitudes while destroying

any genuine phase relationship. A surrogate coherence value R(k)
w was computed for each realization, and after Nperm = 500250

permutations the empirical p-value was estimated as

p=
1

Nperm

Nperm∑

k=1

1{R(k)
w ≥Rw} (12)

This procedure is conceptually analogous to Monte Carlo testing but has the advantage of being distribution-free, as the null

distribution is constructed directly from the observed data rather than from an assumed noise model.

Because the results may depend on user-defined parameters, we systematically explored a range of values for the smoothing255

window w (3, 5, and 7 months), the amplitude threshold ζ (from 0.1 to 0.5), and the trimming length ntrim (30, 50, 70, and

90 points). For each location, all parameter combinations were tested, and the optimal configuration was selected as the one

maximizing Rw among statistically significant cases (p < 0.05) and based on a sufficiently long record (nvalid ≥ 40). The

threshold on nvalid was determined from permutation-based null experiments, which showed that the variance of Rw stabilizes

and decreases below 0.01 beyond this sample size. This ensemble strategy reduces sensitivity to arbitrary parameter choices260

while ensuring statistical robustness.
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Finally, because the analysis relies on remotely sensed observations of real-world signals, an additional effect-size criterion

was imposed by requiring Rw > 0.5. As emphasized by Maraun and Kurths (2004) and Grinsted et al. (2004), statistically

significant coherence values can still be misleading when their magnitude is small, as they may reflect weak or intermittent

interactions rather than robust coupling. Although not prescribed by existing studies, the threshold Rw = 0.5 represents a265

conservative and pragmatic choice to retain only locations exhibiting both statistical significance and physically meaningful

coherence.

3 Results

3.1 Evidence of triadic frequency resonance from in situ dataset: Torrey Pines

The relevance of a resonant frequency (f3 ≈ |f1− f2|) involved in shoreline evolution is first assessed using a micro-tidal270

in situ shoreline dataset from Torrey Pines (TP) Beach, California (see Fig. 3a and, e.g., Aubrey et al., 1976). The analysis

covers nearly 15 years of weekly to monthly shoreline position surveys above the low-tide waterline, acquired using GPS at

transect 540 (highlighted by the red solid line in Fig. 3a). The corresponding shoreline position STP(t), its mean seasonal cycle

⟨S⟩clim,TP, the deseasonalized signal S′TP, and the normalized residual signal S′res,TP are shown in Fig. 3b. The variance of

the residual signal is estimated as:275

R=
Var(S′res)
Var(S)

× 100 (13)

and accounts for R≈ 7% of the total shoreline variance.

The wavelet power spectrum of the shoreline residual signal S′res,TP obtained after applying the cEOF methodology reveals a

distinct biennial frequency peak fpeak
TP , corresponding to a period of T peak

TP ≡ 1/fpeak
TP ≈ 26 months, which is significant above

the 99% confidence level (Fig. 3c; solid red). The same peak frequency is also identified within the wavelet power spectrum280

of the original shoreline signal (Fig. 3c; dotted-blue), providing additional confidence that the methodology adequately re-

moves the driver-linked shoreline frequencies without adding any spurious one. Moreover, removing the seasonal band (10–14

months) within the shoreline (Fig. 3c; solid blue) and wave energy (Fig. 3c; solid black) signals allows other frequencies to peak

more distinctly, showing that both signals present a significant semi-annual peak, with the wave energy peaking at a shorter

period (allowing for a slight period offset required for subtractive resonance), while also revealing that no peak is present in285

wave forcing around fpeak
TP . Additionally, the associated wavelet scalogram (Fig. 3d) indicates that fpeak

TP corresponds to a

coherent and persistent energy band over the full 15-year record, rather than to a transient or episodic fluctuation (yellow band

in Fig. 3d).

Hence, to assess whether this biennial variability arises from nonlinear interactions enabled by sufficient phase coher-

ence across time, we applied the amplitude-weighted triadic phase coherence metric Rw (Eq. (11)) to the reconstructed290

sub-annual components of the wave energy (x1,TP(t)) and shoreline signal (x2,TP(t)), together with the shoreline residual

signal (S′res,TP(t)≡ x3,TP(t)). The analysis reveals a significant phase locking consistent with a triadic interaction of the form

fpeak ≡ f3 ≈ |f1−f2|, where f1 corresponds to a dominant frequency in wave energy variability and f2 to a semi-annual shore-
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Figure 3. Residual frequency analysis at Torrey Pines after cEOF cleaning. (a) Map of the U.S. West Coast highlighting the study region

in Southern California. The inset shows Long Beach and Torrey Pines, with the transect (red marker) of interest. (b) Time series of the

in situ monitored shoreline position STP (blue), climatological seasonal cycle Sclim,TP (black dashed), deseasonalized signal S′TP (pink),

and normalized residual signal S′res,TP (red), plotted on the y-axis right. (c) Spectral analysis of the Torrey Pines original signal STP (blue

dotted), the original signal with the seasonal band removed (Sfiltered,TP; solid blue), the residual shoreline signal (S′res,TP; solid red), and the

wave energy signal with the seasonal band removed (E′wavesfiltered,TP; solid black). The comparison of the global wavelet spectra reveals

a distinct peak in S′res,TP at approximately 26 months, exceeding the 95–99% confidence levels, revealing a significant quasi-biennial mode

of variability that does not match any frequency peak in the wave energy signal. (d) Wavelet power spectrum of S′res,TP as a function of time

and period. The persistence of enhanced energy in the 26–28 month band across the record indicates that this oscillatory mode is temporally

coherent and recurrent across the monitoring window.

line oscillation. For this site, the coherence reaches Rw ≈ 0.46, exceeding both the statistical significance threshold (p < 0.05

based on permutation testing) and the minimum sample-size requirement (nvalid ≥ 40). This indicate that the phase difference295

∆ϕ(t) remains clustered around a preferred value over extended time intervals, consistent with a sustained nonlinear phase

coupling.

These field observations demonstrate that the near-biennial frequency observed in the shoreline anomaly signal can arise

from a nonlinear interaction between two distinct oscillatory components: a semi-annual variability in wave energy forcing

and a lagged semi-annual shoreline response. Importantly, the Torrey Pines site analyzed here is later identified as a resonance-300

prone location in the global satellite-derived shoreline dataset (see Subsect. 3.2). This consistency between independent in situ

observations and spaceborne measurements supports the interpretation that the resonant frequency detected at regional scales

reflects a physically meaningful nonlinear process that is also observable in long-term field measurements.
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3.2 Upscaling to the global scale

Building on the site-specific evidence presented above, we now assess whether the same triadic resonance mechanism can305

be systematically identified regionally at global scales. The objective is to determine whether the near-biennial frequency

observed locally in California reflects an isolated behavior or instead emerges as a recurrent feature of shoreline dynamics

across diverse coastal settings. To this end, we apply the amplitude-weighted phase coherence metric Rw to satellite-derived

shoreline observations worldwide by explicitly testing for the presence of a nonlinear interaction of the form f3 ≈ |f1− f2|
within the coupled shoreline–wave system, allowing us to evaluate the spatial prevalence, coherence, and statistical robustness310

of the triadic resonance identified at the field site.

Analysis of the residual shoreline signal S′res indicates that a non-negligible fraction of sandy coastlines exhibits a well-

defined near-biennial frequency fpeak, with an average period of T peak ≈ 24.5 months (Fig. 4b). This signal is predominantly

observed along eastern boundary coastlines (e.g., Chile–Peru, Namibia–Angola, eastern Australia) as well as in several semi-

enclosed basins, including the Caribbean Sea, the Mediterranean Sea, and the Arabian Sea (Fig. 4a). This frequency does not315

coincide with any dominant frequency present in the external forcing across the full extent of corresponding regions. In areas

identified as resonance-prone, the variance associated with this residual signal represents on average R≈ 15% of the total

shoreline variance in the dataset (Fig. 4c).

Figure 4. Global analysis of shoreline residuals S′res. (a) shows the dominant spectral period (T peak) of S′res. (b) shows the distribution of

the dominant periods T peak associated with panel (a). (c) gives the distribution of the variance of S′res relative to the original shoreline signal

S. Red dashed lines indicating mean values. (d) presents amplitude-weighted coherence coefficient (Rw), highlighting regions of significant

resonance and phase coupling between forcing and shoreline response.
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The observed near-biennial frequency (fpeak ≡ f3) is consistent with the hypothesized triadic phase interaction between a

semi-annual component of the wave energy signal (f1) and a lagged semi-annual response of the shoreline (f2), for which320

the necessary conditions for nonlinear phase coupling are met. Support for this interpretation is provided by the amplitude-

weighted phase coherence Rw (Fig. 4d), which reaches an average value of Rw ≈ 0.6 across resonance-prone regions, with

an interquartile range R5th–95th
w ∈ [0.51, 0.70] and statistical significance (p < 0.05). Such coherence values indicate a strong,

phase-locked, and temporally persistent interaction between the semi-annual wave forcing and the lagged semi-annual shoreline

response, consistent with the presence of a nonlinear triadic resonance mechanism.325

This result does not imply that resonance is continuously active throughout the full observation period. Rather, it indicates

that phase coupling occurs over a sufficiently large fraction of the record, either through extended intervals of sustained interac-

tion or through repeated resonant episodes. The global-scale detection of this interaction further suggests that distinct regional

mechanisms may give rise to similar triadic responses, all converging toward the emergence of a near-biennial shoreline vari-

ability.330

3.3 Mechanisms of semi-annual oscillations in shoreline and waves

To further elucidate the physical mechanisms underlying this phase-locked semi-annual interaction, we next examine two

processes through which semi-annual oscillations in wave energy and shoreline variability can be generated and combined

to produce triadic resonance. These mechanisms are identified as: (1) phase shifts between distinct wave systems (wind-sea

versus swell), and (2) asymmetries arising from the intrinsically non-sinusoidal nature of the local wind cycle, both of which335

excite the shoreline at semi-annual timescales.

3.3.1 Phase shift between local wind-sea and remote swell

Along eastern boundary coasts mostly located away from storm-track latitudes, the seasonal evolution of wave energy reflects

the superposition of two distinct regimes: locally generated wind-sea and swell remotely generated within the storm-tracks.

Figures 5a and 5b illustrate the global distribution of the month of maximum climatological activity for these two wave340

components. Along eastern boundary systems, these maps reveal a systematic seasonal offset between wind-sea and swell

maxima. Specifically, during the hemispheric winter, energetic swell generated in mid- to high-latitude storm tracks propagates

toward the coast, while local wind activity remains relatively weak. Conversely, during the local summer, enhanced coastal

wind forcing generates energetic wind-sea events directed toward the coast, whereas swell activity decreases. As a result, the

annual cycles of wind-sea and swell energy are frequently out of phase along these coastlines (Semedo, 2018; Semedo et al.,345

2018; García-Reyes et al., 2018).

This phase opposition is further illustrated in Fig. 5c, which shows the mean seasonal cycles of normalized wind-sea and

swell energy for four representative eastern boundary regions: the North American West Coast (NAWC); the West African

Coast (WAC) comprising both the Namibian, the Angolan and the Benguela coasts; the South American Coast (SAC); the

Australian West Coast (AWC). In these specific regions, swell energy peaks during winter months, while wind-sea energy350

reaches its maximum during summer, with the two components exhibiting distinct and systematically phase-shifted annual evo-
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lutions. Such semi-annual modulation has been identified at the global scale in previous studies (Colosi et al., 2021; Echevarria

et al., 2019). Here, we show that this modulation plays a key role in exciting a semi-annual shoreline response, which sub-

sequently participates in the triadic resonance mechanism described above. In particular, intercomparison of Figs. 4d and 5a

reveals coherent regional patterns between elevated values of the phase coherence metric Rw and regions characterized by a355

pronounced phase offset between wind-sea and swell. This is especially evident along eastern boundary systems such as the

North American West Coast, the Namibia–Angola Coast, the Peru–Chile coast, and Western Australia.

Figure 5. Monthly climatology of global wave energy regimes derived from ERA-reanalysis (1948-2018). (a) Month of maximum

climatological wind-wave activity, with arrows indicating the mean wave direction at the time of the maximum. (b) Same as (a), but for swell

waves. Colors represent the month of occurrence of the maximum (scale below), highlighting the seasonality of the two regimes. Black boxes

delineate the North American West Coast (NAWC) and the West African Coast (WAC), which are further analyzed. The red dot highlights

Torrey Pines location. These patterns emphasize the contrasting seasonal timing and directional forcing of locally generated wind waves

versus remotely generated swell, underlining their distinct roles in shoreline variability and resonance. (c) Mean seasonal cycles of normalized

wave energy for the 20 most swell/wind waves out of phase grid points flagged within each region (to avoid spatial oversmoothing). Shaded

areas represent the signal standard deviation (± 1 σ). In all regions, wind-wave (pink) and swell (blue) regimes exhibit distinct annual peaks

or, at least, two distinct peaks within a year when ERA5 reanalysis performs poorly in separating swell from wind sea.
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To illustrate the implications of this semi-annual structure for shoreline dynamics, we focus in the following on four eastern

boundary coastlines (NAWC, SAC, AWC, and WAC) as illustrative case studies. As previously stated, the pronounced phase

offset between wind-sea and swell leads to an alternating dominance of the two components throughout the year. When both360

components are sufficiently energetic, their seasonal phase opposition produces a semi-annual modulation of the total coastal

wave-energy spectrum, characterized by two relative maxima per year.

Figure 6. Regional expression of semi-annual forcing and emergent near-biennial shoreline variability along four eastern boundary

systems (NAWC, SAC, AWC, WAC). For each region, the panel shows the regionally averaged power spectra of the original shoreline signal

(black), the wave energy signal (pink), and the residual shoreline signal after cEOF removal (yellow). The dominant seasonal band (10–14

months) is masked to highlight secondary peaks. Across all regions, both shoreline position and wave energy exhibit a semi-annual peak,

with wave energy systematically peaking at slightly shorter periods, consistent with the frequency offset required for subtractive resonance.

The residual shoreline signal systematically displays a robust near-biennial peak, which is also present in the original shoreline spectrum,

confirming that it represents a genuine component of shoreline variability rather than an artifact of the residual extraction. (a, c, d) For three

regions (NAWC, SAC, WAC), wave energy does not exhibit a significant peak within the fpeak band, indicating that the emergent near-

biennial shoreline variability is not directly inherited from the forcing spectrum. (d) In contrast, the AWC region shows a wave-energy peak

close to, but offset from, the residual shoreline peak, suggesting a concomitant influence of band-limited wave forcing and nonlinear phase

resonance.

To highlight this, we averaged the wavelet power spectrum over each region of interest for the original shoreline (black) and

wave energy (pink) time series, while masking the seasonal band (10–14 months) to allow secondary peaks to emerge more

distinctly in the analysis (Fig. 6). The regionally averaged wavelet spectrum of the residual shoreline signals (yellow) is also365

computed for comparison. The results are unambiguous: the residual peak fpeak is consistently present in the original shoreline
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signal, confirming that it reflects a genuine component of shoreline variability. For all four coastal systems, both shoreline po-

sition and wave energy exhibit a semi-annual peak, with wave energy systematically associated with shorter periods, consistent

with the offset required for subtractive resonance. Moreover, for three regions (NAWC, SAC, WAC), wave energy does not

display any significant peak within the frequency band of fpeak (Fig. 6a, c-d), confirming that the main driver of shoreline vari-370

ability (i.e., waves) is not responsible for the near-biennial shoreline peak inferred from the data. It is worth noting that for the

AWC region, a wave energy peak is observed around 28 months, whereas the residual shoreline signal peaks at approximately

30 months. This indicates that the fpeak band is not always free of wave-energy variability. Such features may arise from

the broad and irregular spectrum of ENSO-related forcing, which can interact with other climate modes (e.g., IOD or SAM

in this region), giving rise to secondary or shifted spectral peaks through winds cascading on wave generation. Importantly,375

the high phase-coherence metric Rw obtained for AWC (Fig. 4c) indicates a robust phase relationship between shoreline and

wave energy signals at the semi-annual timescale. Therefore, band-limited wave-energy forcing and phase resonance may be

concomitant, with resonance primarily injecting energy into the frequency band, while the wave forcing contributes to orga-

nizing the phase and, to a lesser extent, the period of the shoreline oscillation. This interplay highlights the broad diversity of

dynamical behaviors across global coastal environments.380

3.3.2 Asymmetric annual wave forcing

We previously described a regional mechanism in which wave activity departs from a purely sinusoidal annual cycle, ex-

hibiting a pronounced semi-annual component that produces multi-peaked patterns in wave energy. Such regions are mainly

found along eastern boundary upwelling systems and across the Maritime Continent, where the timing or amplitude of local

winds is shifted relative to the hemispheric winter maximum (Colosi et al., 2021) that generates long-period swells. This shift385

largely results from the seasonal reversal of the monsoon winds, which generates alternating peaks in wave height during the

northwest and southeast monsoon periods (Purwanto et al., 2021). In turn, this semi-annual frequency in the wave forcing can

interact nonlinearly with the intrinsic semi-annual timescales of shoreline adjustment, producing a resonant peak at periods of

approximately 21–32 months.

Fig. 4.a,d reveals that the 21–32 months emergent timescales from triadic resonance in the SDS occur beyond regions390

where the previously describe mechanism occurs. Particularly, such emergent timescales are observed in semi-enclosed basins

such as the eastern Mediterranean Sea or the Gulf of Mexico. Fig. 5 shows that, in these areas, wind-wave and swell activity

share similar timing. For instance, in the Caribbean Sea, the Caribbean Low-Level Jet and the seasonal migration of the

Intertropical Convergence Zone generate maximum wave energy in late summer–autumn, coinciding with the hurricane season

that produces long-period swell (Morales-Márquez et al., 2023; Lemessy et al., 2021). Similar synchronous timing is observed395

in the Mediterranean Sea (Sartini et al., 2015; Flaounas et al., 2022). Yet, Fig. 7.a (which shows the amplitude ratio between the

semi-annual (A2) and annual (A1) harmonics (A2/A1) of wave energy), reveals that the 6-month component still exerts a strong

modulation of the wave-forcing cycle in these semi-enclosed regions. More surprisingly, these regions exhibit comparable (or

even higher) rates of A2/A1 than eastern boundary upwelling systems, implying that a mechanism other than the phase shift
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between local wind-sea and remote swell can produce a semi-annual peak in wave forcing and trigger the observed triadic400

phase coupling.

Figure 7. Amplitude ratio and temporal asymmetry of the annual wave cycle. (a) Ratio of the semi-annual to annual harmonic amplitudes

(A2/A1, in %) of the climatological wave energy, illustrating the relative strength of the semi-annual component in the global wave-energy

cycle. Elevated ratios (> 60%) identify regions where the semi-annual harmonic strongly modulates the annual cycle, particularly along

tropical and subtropical coasts (e.g., Indonesia, Gulf of Guinea, Caribbean, and northwestern Australia). (b) Temporal asymmetry of the

annual cycle, expressed as the number of days between the rising and falling crossings of the median climatological wave energy. Values

near 0 days indicate a symmetric sinusoidal cycle, while shorter or longer intervals denote asymmetric cycles with faster rise or slower

decay. The strongest asymmetries (≥ 40–50 days) coincide spatially with the regions of enhanced semi-annual amplitude, confirming that

temporal skewness in the seasonal wave forcing underlies the emergence of semi-annual variability and supports triadic resonance between

the 6-month wave component and the shoreline response.

One possible candidate is the asymmetry of the annual wind-forcing cycle. Fig. 7.b illustrates this temporal asymmetry,

expressed as the number of days separating the rising and falling crossings of the median annual cycle of wave energy, thereby

providing a measure of the intraseasonal skewness of the seasonal forcing. Pronounced skewness is indeed observed in semi-

enclosed seas such as the Caribbean, eastern Mediterranean, and Arabian Seas. This diagnostic is further supported by the405

cross-recurrence plots shown in Fig. 8, which explicitly compare the ascending (Jan–Jun) and descending (Jul–Dec) phases of

the annual wave-energy cycle. Each panel shows the cross-recurrence matrix between these two semi-annual segments for three

representative regions (black boxes in Fig. 7.b). In these matrices, a value of 1 indicates that the two phases exhibit similar daily
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mean wave-energy values at the corresponding calendar dates, whereas a value of 0 indicates dissimilarity. As a result, coherent

light-blue bands falling along the red-dashed diagonal in Fig. 8 highlight portions of the year where the rising and falling limbs410

of the seasonal cycle are dynamically similar, while fragmented or curved patterns indicate strong asymmetry between the two

regimes. This visualization therefore provides a direct, time-resolved view of the degree of semi-annual symmetry (or lack

thereof) in wave forcing.

Figure 8. Cross-recurrence plots between the ascending (Jan–Jun) and descending (Jul–Dec) phases of the annual wave energy cycle

in three regions: Red Sea–Arabian Sea, Central Sector (CS), and Eastern Mediterranean. Each plot represents the recurrence similarity

between the two semi-annual phases, with color intensity indicating the degree of similarity (1 = true; 0 = false). The red dashed line

marks the line of perfect symmetry. The curvature and displacement of the main recurrence ridge indicate seasonal asymmetry between the

rising and falling phases. Values of recurrence rate (R) and determinism (DET ) quantify the density and temporal organization of recurrent

states, respectively. Despite low overall recurrence (R≈ 0.05), high determinism (DET > 0.94) reveals a structured and consistent seasonal

relationship, highlighting a stable coupling between the two halves of the annual energy cycle.

From these matrices, two standard recurrence quantification analysis indices were derived: the Recurrence Rate (RR) and

the Determinism (DET ) (Eckmann et al., 1995; Martins et al., 2017). The recurrence rate:415

RR=
1
N2

∑

i,j

Rij , (14)

measures the overall density of recurrent states, i.e., the proportion of days for which the wave energy during the ascend-

ing phase matches that during the descending phase within a fixed tolerance (here the 5th percentile of all distances). The

determinism:

DET =

∑
l≥lmin

lP (l)∑
i,jRij

, (15)420

quantifies the proportion of recurrent points forming diagonal lines, reflecting the temporal organization of similar dynamical

patterns. Low RR values (≈ 0.05) indicate that direct correspondences between the two halves of the seasonal cycle are rare,
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whereas high DET values (> 0.94) reveal that when such similarities occur, they are temporally coherent and structured. This

combination highlights a nonlinear yet stable seasonal coupling, where the evolution of wave energy follows a consistent but

asymmetric trajectory between the growth and decay phases of the annual cycle. Regionally, the cross-recurrent plots reveal425

contrasted behaviors among the main basins. The Red Sea–Arabian Sea and Caribbean Sea (CS) exhibit strong semi-annual

recurrence structures, consistent with the pronounced A2/A1 ratios identified in Fig. 7.a. In these basins, the recurrence ridges

are highly curved and sometimes duplicated, indicating that the semi-annual peak is itself asymmetric between the rising and

falling phases. Conversely, the Eastern Mediterranean displays no significant semi-annual peak, reflecting a predominantly

asymmetric annual cycle with limited semi-annual modulation.430

Both diagnostics (Fig. 7.b and Fig. 8) consistently highlight the same set of regions (eastern Mediterranean Sea, Indonesia,

Red Sea, Arabian Sea, and parts of the Caribbean), where the strong semi-annual-to-annual ratio is not driven by a phase

shift between wind-sea and swell, but due to the intraseasonal asymmetry of the wave-energy cycle. This second mechanism

explains the elevated Rw values observed in these areas (Fig. 4.d); revealing that semi-annual forcing can emerge from two

distinct physical processes.435

4 Discussion

This study provides robust evidence that a substantial fraction of shoreline variability at interannual timescales cannot be

explained within a purely linear forcing–response framework. The emergence of a quasi-biennial (≈20–30 months) shore-

line mode (recurrent across disparate coastal environments), instead points to a nonlinear mechanism intrinsic to the cou-

pled wave–shoreline system. The identification of a triadic resonance linking near semi-annual wave forcing, and lagged440

(semi-annual) shoreline response, and an emergent low-frequency shoreline signal establishes nonlinear phase coupling as a

meaningful candidate in shaping part of shoreline variability. This suggests that shorelines can act as a nonlinear integrator,

redistributing energy across frequencies through delayed and phase-locked interactions.

The proposed resonance mechanism is supported by three independent and converging lines of evidence. First, the near-

biennial frequency is detected after the linear contribution of known environmental forcings is removed, and is absent from445

the forcing spectra themselves. Second, the phase coherence analysis demonstrates statistically significant and energetically

weighted phase locking between the three interacting components, ruling out spurious spectral coincidences. Third, the same

interaction is independently observed in long-term in situ measurements at Torrey Pines, confirming that the signal is not

an artifact of satellite processing, spatial aggregation, or methodological bias. Importantly, the resonance does not require

continuous excitation. Rather, intermittent but recurrent phase coupling episodes are sufficient to sustain the emergent mode450

over multi-decadal records. This behavior is consistent with the response of weakly nonlinear, dissipative systems subject to

temporally modulated forcing, where resonance can be activated episodically yet leave a persistent spectral imprint (Tomita,

2014).

To further assess the physical plausibility of the proposed triadic mechanism, we implemented a minimal forced–oscillator

model driven by the product of two observed semi-annual signals : the wave-energy band (x1) and the corresponding semi-455
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annual shoreline response (x2). The model is intentionally simple and does not aim to reproduce the full shoreline dynamics.

Instead, it serves as a conceptual framework to disentangle the respective roles of nonlinear energy injection and intrinsic

shoreline dynamics in the emergence of near-biennial variability.

The modeled shoreline response y(t) is governed by a damped linear oscillator forced by the nonlinear interaction term:

d2y

dt2
+λ

dy
dt

+ω2
0y = αx1(t)x2(t), (16)460

where λ is a linear damping coefficient, ω0 = 2π/T0 is the intrinsic angular frequency of the oscillator, and α controls the

strength of the forcing. The multiplicative term x1(t)x2(t) explicitly represents the nonlinear coupling between the semi-

annual components of wave forcing and lagged shoreline response. Importantly, the signals used here are time-series taken in

the satellite-derived dataset for a random location where Rw > 0.5. Moreover, no interannual frequency is prescribed in either

the forcing or the intrinsic dynamics of the model.465

The time–frequency analysis of the simulated shoreline response, averaged over a wide range of intrinsic periods (T0 =

5:1:35 months), reveals a persistent interannual energy band between 20 and 30 months (Fig. 9a). A similar band is observed

in the wavelet spectrum of the nonlinear forcing term x1x2 (Fig. 9b). The close correspondence between these two panels

demonstrates that the near-biennial frequency is already embedded in the nonlinear interaction between the two semi-annual

components, rather than arising from the intrinsic dynamics of the oscillator. This provides a direct, signal-based demonstration470

of the physical plausibility of the proposed resonance mechanism. In other words, the triadic interaction injects energy into

the near-biennial band independently of the shoreline adjustment timescale. Moreover, beach systems are known to exhibit

memory and self-adjusting timescales in response to external forcing (Davidson et al., 2013). As such, the role of the system’s

intrinsic dynamics is also of interest. Here, this role is examined by analyzing how the energy injected through triadic resonance

is processed by the modeled shoreline system. Figure 9c shows the mean energy contained within the 18–35 month band of the475

simulated response as a function of the intrinsic period T0 and the damping coefficient λ. Enhanced interannual energy emerges

only over a restricted region of the parameter space, where the intrinsic adjustment timescale overlaps with the interannual

band and dissipation remains sufficiently weak. This demonstrates the conditional nature of the resonance: nonlinear energy

injection alone may not be sufficient to sustain a strong and persistent interannual signal. This behavior is further quantified

using a frequency-dependent gain analysis (Fig. 9d,e). The gain is defined as:480

G(f) =
Py(f)
Px1x2(f)

(17)

where Py(f) denotes the power spectral density of the simulated system response, and Px1x2(f) corresponds to the power

spectral density of the nonlinear forcing term resulting from the triadic interaction between the two semi-annual components.

The gain thus measures the frequency-dependent sensitivity of the system to nonlinear forcing, independently of the forcing

amplitude. Evidently, while the location of the interannual gain peak remains largely invariant across intrinsic periods, its485

amplitude and sharpness depend strongly on the intrinsic period T0 for a given damping coefficient λ (Fig. 9d).

21

https://doi.org/10.5194/egusphere-2026-541
Preprint. Discussion started: 13 February 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 9. Dynamical interpretation of the triadic resonance mechanism using a minimal forced–oscillator model. (a) Time–frequency

representation (wavelet power spectrum) of the simulated shoreline response y(t), averaged over a wide range of intrinsic periods (T0 = 2–35

months). Despite variations in the intrinsic dynamics, a persistent energy band emerges in the interannual range (20–30 months). (b) Wavelet

power spectrum of the nonlinear forcing term x1x2, showing a similar interannual energy band. The close correspondence between panels

(a) and (b) indicates that the near-biennial frequency is injected by the nonlinear interaction between the two semi-annual components.

(c) Mean interannual energy of the simulated response as a function of intrinsic period T0 and damping coefficient λ. Enhanced energy

is observed when the intrinsic adjustment timescale overlaps with the interannual band and damping is weak, highlighting the conditional

nature of the resonance. (d) Frequency-dependent gain G(f) = Py(f)/Px1x2(f) for a range of intrinsic periods T0 (color-coded). While the

location of the interannual gain peak remains stable across T0, its amplitude and sharpness depend on the intrinsic dynamics, with maximum

amplification occurring when T0 lies within the interannual range. (e) Period of maximum gain T ∗ within the interannual band as a function

of intrinsic period T0. The dashed line indicates T ∗ = T0. For small T0, the response is forcing-dominated and weakly organized. As T0

approaches the interannual band, a locking regime emerges in which the intrinsic mode and the triadically generated frequency overlap,

leading to enhanced coherence. For larger T0, the response becomes independent of the intrinsic timescale, indicating a permissive regime in

which the intrinsic dynamics allow the injected interannual energy to persist without controlling its frequency. To avoid spurious detections,

T ∗ is retained only when the interannual gain maximum corresponds to an interior spectral peak within the target band, excluding cases

where the maximum occurs at the edges of the band and may reflect truncation or boundary effects rather than a physically meaningful

response.
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Moreover, Fig. 9e depicts the evolution of the period of maximum gain within the 18–35 month band (T ∗) as a function of

the intrinsic period T0. For short intrinsic periods, the response to interannual forcing is weak and spectrally diffuse (pink point

far from the diagonal). As T0 approaches the interannual range, a locking regime emerges in which the intrinsic mode and the

triadically generated frequency band overlap, leading to enhanced amplification and spectral coherence. For larger intrinsic490

periods, the response becomes only weakly dependent on T0, indicating a permissive regime in which the intrinsic dynamics

no longer constrain frequency selection but allow the injected interannual energy to persist.

These results indicate that nonlinear resonance alone is sufficient to inject energy into the interannual band, but may be

insufficient to produce a coherent oscillatory mode through long time intervals. A compatible intrinsic adjustment timescale

may be required to organize this energy into a persistent and observable signal. In this sense, the intrinsic modeled shoreline495

dynamics act as a frequency-selective filter that controls the expression, rather than the existence, of the emergent near-biennial

variability; raising the question of the potential role and existence of an internal beach mode in structuring the nonlinear energy

injection into the system as those lacking such an internal timescale would still experience nonlinear energy injection at

interannual periods, but only as weak and intermittent fluctuations rather than as a dominant oscillatory component.

The consistency between this conceptual model, the regional analyses, the global satellite observations, and independent500

in situ measurements strengthens the physical basis of the triadic resonance mechanism proposed in this study. Repeating the

same idealized-model experiments for different locations with Rw ≥ 0.5 (i.e. different x1(t) and x2(t)) leads to quantitatively

different amplitudes but does not alter the qualitative behavior of the system, indicating that the emergence of the interannual

band and its dependence on intrinsic timescales are robust features of the triadic mechanism rather than site-specific artifacts.

A central outcome of this work is the identification of semi-annual variability as a key gateway for nonlinear energy transfer505

in coastal systems. We show that semi-annual wave forcing arises from two distinct but widespread mechanisms: (i) phase

opposition between locally generated wind–sea and remotely generated swell along eastern boundary systems, and (ii) tem-

poral asymmetry of the annual wind–wave cycle in monsoonal and semi-enclosed basins. Despite their different origins, both

mechanisms introduce a robust 6-month harmonic in wave energy able to inject energy within the shoreline. The interaction

between these two semi-annual oscillations (forcing and lagged response), creates the conditions required for triadic resonance510

and the subsequent emergence of a lower-frequency shoreline mode.

These implications are consistent with recent findings showing that allowing model parameters to vary in time does not

necessarily improve shoreline predictions when baseline equilibrium models are already well calibrated, except during peri-

ods of extreme forcing or regime shifts (Azorakos et al., 2025). In such cases, parameter variability has been shown to act

primarily as an adaptive mechanism that compensates for unresolved dynamics rather than as a direct physical response to515

wave energy alone. This suggests that nonlinear interactions, mediated by the system’s intrinsic memory and its ability to

integrate forcing over time, play a central role in modulating shoreline variability. From a predictive standpoint, this implies

that shoreline forecasts based solely on linear correlations with wave energy or sea level may systematically underestimate

variability at intermediate timescales, even when augmented with data assimilation. Incorporating nonlinear phase interactions

and resonance mechanisms into reduced-order shoreline models could therefore provide a more physically grounded alterna-520
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tive to time-varying free parameters, improving model realism and predictive skill, particularly in regions identified here as

resonance-prone and exposed to complex or evolving wave climates.

More broadly, this study positions sandy shorelines alongside other geophysical systems in which emergent modes arise

from nonlinear interactions rather than direct forcing. The triadic resonance identified here is conceptually analogous to com-

bination tones in acoustics or to climate–seasonal cycle interactions in the tropical ocean–atmosphere system. Recognizing525

such mechanisms in coastal morphodynamics opens new avenues for interpreting unexplained interannual variability reported

in previous field studies and highlights the need to revisit shoreline dynamics from a nonlinear systems perspective.

5 Limitations

Despite the robustness of the triadic resonance signal identified here, several limitations must be acknowledged.

First, the analysis relies on satellite-derived shoreline positions aggregated at regional scales. While this aggregation is530

necessary to suppress noise and reveal coherent dynamics, it inevitably smooths local processes such as alongshore gradients,

transient sediment pathways, or site-specific morphodynamic feedbacks. As a result, the mechanism identified here should be

interpreted as a regional-scale dynamical tendency.

Second, the residual shoreline signal is obtained after iterative removal of linear contributions from a predefined set of

forcings using an iterative EOF approach. Although extensive sensitivity tests and synthetic-noise experiments indicate that535

this procedure does not introduce artificial frequencies, it cannot fully exclude the influence of unresolved or imperfectly

represented forcings, nor subtle nonlinear effects that project weakly onto the retained modes.

Third, the triadic phase-coupling analysis detects intermittent and conditionally activated resonance, not a continuously

operating mechanism. The observed near-biennial mode does not imply a permanent internal oscillation of the shoreline system,

but rather the cumulative imprint of repeated phase-locked episodes over multi-decadal records. Consequently, the amplitude540

and temporal persistence of the signal vary substantially across regions and time periods.

Finally, the study focuses on microtidal sandy coasts and monthly temporal resolution. Extrapolation to macrotidal environ-

ments, gravel beaches, or systems dominated by episodic extremes should be made with caution. Higher-frequency observa-

tions and site-specific morphodynamic data will be required to assess how this nonlinear mechanism interacts with event-scale

processes and long-term shoreline trends.545

6 Conclusion

This study demonstrates that a significant fraction of interannual shoreline variability can emerge from nonlinear interactions

within the coupled shoreline–wave system, rather than being directly inherited from external forcings acting at the same

timescale. Using satellite-derived shoreline observations at the global scale, supported by long-term in situ measurements, we

identify a recurrent near-biennial shoreline signal (approximately 20–30 months) that is absent from the dominant frequencies550

of known forcings.
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Through amplitude-weighted triadic phase coherence analysis, we show that this variability arises from a nonlinear in-

teraction between semi-annual wave-energy fluctuations and a lagged semi-annual shoreline response. The resulting triadic

resonance generates a low-frequency shoreline mode that is spatially coherent across multiple eastern boundary systems and

semi-enclosed basins. A minimal forced-oscillator experiment further confirms that such a timescale can emerge naturally from555

the nonlinear coupling between these two semi-annual components, without prescribing any interannual forcing.

Together, these results highlight nonlinear phase coupling as a key mechanism shaping shoreline variability at interannual

timescales. They suggest that shorelines cannot be fully understood as linear responders to external forcing, but instead behave

as nonlinear systems capable of redistributing energy across frequencies through delayed interactions.

Several limitations should be acknowledged. First, the satellite-derived shoreline record, while spatially extensive and multi-560

decadal, remains constrained by temporal resolution and measurement uncertainty, which may limit the detectability of higher-

frequency nonlinear interactions. Second, the forced-oscillator model employed here is intentionally idealized and does not

aim to reproduce the full complexity of coastal morphodynamics; rather, it serves to demonstrate dynamical plausibility. As

such, it does not account for alongshore sediment transport, three-dimensional morphodynamics, or feedbacks with tides and

sea level.565

In addition, the resonance mechanism identified here is not continuously active, but occurs intermittently when phase and en-

ergy conditions are favorable. Understanding the controls on the timing, duration, and spatial extent of these resonant episodes

remains an open question. Future work should therefore focus on integrating nonlinear interaction diagnostics into process-

based shoreline models and exploring how projected changes in wave climate, storm seasonality, and swell propagation may

alter resonance-prone regions.570

By explicitly accounting for nonlinear interactions between shoreline response and wave forcing, this study opens new

perspectives for interpreting unexplained interannual shoreline variability and for improving the physical realism of large-scale

shoreline projections under changing climate conditions.
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Appendix A: Signal reconstruction and robustness assessment

Wave forcing and SLA have both been identified as primary drivers of shoreline variability over large coastal regions (Almar

et al., 2023). However, in the present analysis we focused on wave forcing, as it was the only driver exhibiting a strong and585

consistent semi-annual frequency capable of exciting shoreline change at the frequencies suspected to produce the observed

triadic resonance (Fig. A1), consistent with the shoreline residual frequency f (T ≈ 21–32 months) shown in Fig 3.a.

Therefore, to assess phase coherence between shoreline signals Si(t) and wave energy signals Ewi
(t), and thereby evaluate

the resonance hypothesis, we analyzed their temporal variability using the continuous wavelet transform (CWT) with a Morse

wavelet (Torrence and Compo, 1998). The CWT provides a joint time–frequency representation,590

Wx(f,τ) =

+∞∫

−∞

x(t)ψ∗f,τ (t)dt, (A1)

where ψf,τ (t) is the wavelet function centered at time τ and scaled according to frequency f . The Morse wavelet was chosen

for its good frequency localization and robustness for finite-length, nonstationary signals (Hubbard, 1998). Before analysis,

all series were symmetrically padded (50 points) to mitigate boundary effects. Wavelet derived frequency-domain results were

further cross-checked using complementary fast Fourier transform (FFT) analyses.595

To focus on the sub-annual band of interest, all coefficients corresponding to periods longer than 7 months were set to zero,

W filt
x (f,τ) =




Wx(f,τ), T = 1/f < 7 months,

0, otherwise,
(A2)

and the filtered signal was reconstructed by inverse wavelet transform,

xfilt(t) =W−1
(
W filt

x (f,τ)
)
. (A3)

This filtering isolates high-frequency oscillations, potentially associated with resonance, while excluding seasonal or longer-600

term variability (Fig. A2a-b, A2d-g).

For each location, we quantified the relative importance of these modes using the energy ratio,

R
(S)
i =

∑ |W filt
Si
|2∑ |WSi |2
, R

(Ew)
i =

∑ |W filt
Ewi

|2
∑ |WEwi

|2 , (A4)
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which expresses the fraction of total variance carried by sub-annual periods. To complement this, we estimated the persistence

duration Di as the cumulative length of contiguous intervals defined as605

D
(S)
i =

∑

k

∆t(S)
k , D

(Ew)
i =

∑

k

∆t(Ew)
k , (A5)

where each ∆tk corresponds to the duration of a time interval during which the band-limited wavelet power exceeds the mean

power of the original signal. This metric therefore measures the cumulative persistence of energetic sub-annual oscillations

throughout the record. This dual characterization captures both the strength and the temporal consistency of the targeted

oscillations to ensure significance with regard to the original signals.610

Because shoreline response may be lagged with respect to wave forcing, we also evaluated their frequency-specific coupling

via magnitude-squared coherence,

CSEw(f) =
|PSEw(f)|2

PSS(f)PEwEw(f)
, (A6)

where PSEw
(f) is the cross-spectral density and PSS(f), PEwEw

(f) the auto-spectra. We focused on the 5–7 month band (Fig.

A2f, A2g), where resonance-like modes were hypothesized (Fig. A1), and retained the maximum coherence value together with615

its associated period.

Statistical significance was assessed against the critical threshold

Ccrit = 1− ε1/(L−1), (A7)

with ε= 0.05 (95% confidence) and L the number of independent spectral segments (Jenkins and Watts, 1969). In practice, L

depends on the Welch parameters used for coherence estimation. We selected a window size of 64 months (approximately 5620

years) with 50% overlap (32 months), which provides a compromise between spectral resolution and the number of segments

available in our 25-year (n = 301 months) records. This yields about L≈ n/(64−32)≃ 9 independent averages, ensuring that

coherence estimates are based on multiple realizations. Only sites with Cmax
SEw

≥ Ccrit were retained, ensuring that the detected

relationships were statistically robust rather than spurious (Fig. A2.c).

To synthesize the indicators, each metric was normalized using a z-score,625

z(x) =
x−µ(x)
σ(x)

, (A8)

and combined into composite scores. For shoreline variability,

Sc
(S)
i = αz(R(S)

i ) +β z(D(S)
i ), (A9)

and for wave energy,

Sc
(Ew)
i = αz(R(Ew)

i ) +β z(D(Ew)
i ), (A10)630
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Figure A1. Combination map of two input periods T1 and T2 (in months). The background color represents the resulting interaction

period T3 = 1/|f1− f2|, where f1 = 1/T1 and f2 = 1/T2. The dashed patch corresponds to cases where |f1− f2| → 0 (i.e., T3 →∞), as

it approach the diagonal. White doted-dashed lines indicate the admissible combinations of (T1,T2), sampled at 5 x 10−2-month resolution,

that fall within the observed range of T obs
3 (10th–90th percentiles resulting from Shoreline residual (S′res) signal spectral analysis (Fig. 3.d)).

with equal weights α= β = 0.5. Here, no metric (either R or D) was favoured, as we found no rational, evidence-backed

justification to support one over the other. Finally, the joint indicator was defined as

Scjoint
i = 1

2

(
Sc

(S)
i +Sc

(Ew)
i

)
, (A11)

providing a balanced measure of variance contribution, persistence, and shoreline–wave coherence. To retain only robust cases,

the lowest 15% of joint scores were discarded.635

Together, these steps (including wavelet filtering, energy and persistence analysis, coherence testing and composite scoring),

ensure that the reconstructed signals capture genuine sub-annual variability in shoreline dynamics and wave forcing, rather

than artifacts of seasonality or noise (Fig. A2.c).
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Figure A2. Illustration of the shoreline and wave signal reconstruction and robustness assessment. (a–b) Original shoreline (S) and

wave energy (Ew) signals (gray) and their reconstructed high-frequency components (T < 7 months) via a wavelet transform (blue, red). (c)

Magnitude-squared coherence between the normalized versions of xfilt
shoreline and xfilt

Wave energy . The blue dashed lines indicate the period of

interest where resonance is expected (5–7 months), and the red dashed line shows the critical coherence level (Ccrit). (d–e) Wavelet spectra

of the original shoreline (d) and wave energy (e) normalized signals. (f–g) Same but for the high-frequency reconstructed and normalized

signals for shoreline (f) and wave energy (g). The location shown here has passed the joint score test, indicating that both shoreline and wave

energy exhibit a significant semi-annual phased frequency band, which is successfully reconstructed by the wavelet transform. For visual

clarity, the color scale limits have been adjusted independently to enhance feature visibility.
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