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Understanding sandy beach evolution under geologic, hydrodynamic, morphologic, and
anthropogenic influences, and particularly future climate variability and sea level rise,
has become increasingly important. Several numerical models have been developed to
simulate sandy beach evolution, ranging from high-fidelity, process-based models to reduced-
complexity approaches, to data-driven and hybrid methods, and spanning scales from
relatively small (hundreds of m-days) to relatively large (hundreds of km-decades). Data-
driven approaches, however, often lack explicit representation of the physical processes
governing shoreline change, a key sandy beach evolution metric. Here, we present a
hybrid, scale-adaptive convolutional framework for shoreline change modeling that effectively
bridges reduced-complexity and data-driven approaches and apply it to the U.S. Pacific
Northwest sandy beaches (∼750 km, Oregon and Washington). Using 40 years (1984–2024)
of primarily satellite-derived shoreline data, we hindcast shoreline position evolution across
22 littoral cells comprising over 10,000 transects at 50-m alongshore resolution. Hindcast
results yield a median validation Root Mean Square Error of 14.1 m and a Mielke’s index
of 0.51, similar to recent shoreline-change benchmarks. Our framework is based on a sum
of convolution operations over hydrodynamic forcing with optimized kernel functions to
model shoreline response. The resulting kernel shapes quantify the beach’s morphodynamic
memory, revealing shoreline response timescales and magnitudes that vary systematically
with geographical latitude and coastal orientation across the region. The framework’s
computational efficiency and physical interpretability make it well-suited for future stochastic
shoreline projections under changing climatic conditions, ultimately supporting informed
coastal management and adaptation policies.

U.S. Pacific Northwest (PNW) | Satellite-derived shoreline observations | Shoreline change
modeling | Convolutional framework | AI model interpretability

Shoreline evolution, driven by both natural and anthropogenic forces, directly
affects coastal economies, ecosystems, and infrastructure worldwide (1, 2).

Predicting this evolution is therefore important for improving coastal management
and adaptation planning (3). The physical factors that govern coastal evolution are
increasingly well understood, yet accurately predicting shoreline change remains a
significant challenge across various spatial and temporal scales (4, 5). Physics-based
modeling stands as the backbone of modern shoreline change prediction through
its integration of hydrodynamic, sediment transport, and geomorphic processes
(6). Nonetheless, shoreline change modeling faces impediments, including the
complexities of sediment dynamics, the interplay between natural and human
influences, and the inherent uncertainties in climate and sea level projections (2).

Shoreline change modeling has transformed widely over the past four decades,
spanning physics-based (process-based or full-physics), reduced-complexity (reduced-
physics), and data-driven approaches. The emergence of modern computers and
improved coastal monitoring technology sparked widespread adoption of physics-
based models (e.g., Delft3D (7)) that mathematically combine small-scale processes
to simulate coastal morphodynamics (8–15). While these models excel at simulating
short-term hydrodynamic processes and morphodynamic responses to storms, their
high computational cost and parametric uncertainty/sensitivity has limited their
effectiveness for medium-to-long-term and large-scale shoreline evolution projections
(16–18). In parallel, reduced-complexity modeling approaches began emerging as
an alternative by relying on scarce but high-quality, long-term morphodynamic
datasets to develop empirical predictions of shoreline change (19–25). Recent
breakthroughs in AI and Deep Learning (DL) have accelerated the adoption of
data-driven approaches in shoreline modeling. These methods are particularly
attractive owing to their minimal reliance on prescribed governing equations and
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physical parameters, in tandem with the growing global
availability of spatiotemporally high-resolution satellite
imagery (24, 26–29). Hybrid models have also emerged
that combine elements of reduced-complexity and data-
driven approaches and offer a middle ground by balancing
computational efficiency with physical process representation
while incorporating observations (13, 30–34). However,
challenges remain regarding model generalizability and the
ability to extrapolate beyond training datasets, particularly
over long-term periods (35–37). Furthermore, while the data-
driven models demonstrate increasing popularity and high
potential in shoreline modeling (e.g., refs. (29, 36, 38–41)),
their rapid adoption in coastal morphodynamics, among
other fields of geoscience, has raised questions regarding their
interpretability, i.e., the ability to understand the physical
mechanisms underlying a model’s predictions. The increasing
emphasis on interpretability has motivated the development
of explainable AI (XAI) (42, 43), a growing movement
aimed at reducing the “black-box” nature of AI models
that do not explicitly follow known physical relationships
(36). Shoreline change models thus stand to benefit from
frameworks that bridge reduced-complexity and data-driven
approaches, incorporating physical understanding to improve
interpretability.

Among reduced-complexity approaches, “equilibrium”
models stand out for various reasons (13). They are based
on the notion that coastal morphodynamics consistently
evolve towards an equilibrium state, dynamically responding
to external oceanic forcings such as wave action and
sea level change. Thus, changes in these forcings create
morphodynamic “disequilibrium,” triggering the coastal
morphology to transition towards a new equilibrium state
(13). These approaches have known limitations where
geologic settings and sediment supply highly influence
shoreline behavior at seasonal-to-interdecadal time scales
(44–46). Yet, the capacity to incorporate key forcing variables
while preserving a balance between simplicity, predictive skill,
and computational efficiency has established this concept as
the main principle underlying several prominent shoreline
evolution models (e.g., refs. (47–49)). The core tenet in
equilibrium models posits that the variations in oceanic
forcings during a specific antecedent period contribute
most to driving morphodynamics toward a new equilibrium
state, but because the forcing conditions are constantly
changing, the “memory” or influence of antecedent conditions
on the morphodynamic state decreases over time. This
concept essentially outlines the fundamentals of convolution,
which was initially implemented in the field of coastal
morphodynamics by Kriebel and Dean (1993) (50), and
subsequently revisited by Miller and Dean (2004) (47),
although its full potential in shoreline modeling at that
time was not realized. Recently, Vitousek et al. (2025) (51)
re-vitalized the convolution approach by demonstrating that
equilibrium models (i.e., refs. (48, 49)) are theoretically
equivalent to the numerical concept of a discrete convolution
operation. In their approach, an exponential “memory
window” (or “kernel”) is convolved with a forcing signal,
meaning that the forcing signal’s influence on shoreline
change at a specific time diminishes exponentially as time
progresses. Their model demonstrated strong performance

in the 2024 ShoreShop 2.0 benchmarking competition (37, 52).

Despite these advances in equilibrium and convolutional
modeling, no existing approach yet links reduced-complexity
and data-driven methods to provide region-scale shoreline
hindcasts that are simultaneously computationally efficient,
physically interpretable, and validated against high-resolution
observational data across diverse littoral settings. In this
work, we focus on the sandy beaches of the U.S. Pacific
Northwest (PNW), extending ∼750 km along the U.S.
West Coast and encompassing the coasts of Oregon and
Washington. Spanning approximately 42◦N to 48◦N, the
PNW coast is predominantly composed of dissipative,
low-sloping (median slope of tan β ∼ 0.025), mesotidal
beaches exposed to energetic wave conditions (53–56).
This region is broken up into 22 morphologically distinct,
pre-defined littoral cells approximately tens of kilometers
in length, bordered by intermittent headlands and bay or
river inlets (5, 55, 57). Throughout the PNW, shoreline
variability is mainly driven by sea level fluctuations, changing
storminess patterns, large-scale climate modes—particularly
El Niño-Southern Oscillation (ENSO) and Pacific Decadal
Oscillation (PDO)—and riverine and estuarine sediment
contributions (sources and sinks) (5, 55, 56, 58–61). Several
shoreline modeling studies have been conducted for the
sandy beaches of the PNW (e.g., refs. (5, 61–66)). However,
these modeling efforts have generally been limited to specific
coastal extents throughout the region, covering only a few
littoral cells at most, and, except ref. (67), do not effectively
incorporate various modes of shoreline evolution, such as
cross-shore and alongshore components, across different
temporal scales.

The goal of this study is to provide the first hindcasts of
shoreline position evolution (1984-2024) across the sandy
beaches of the entire PNW at a high spatial resolution
(10,599 shore-normal transects at 50-m-alongshore spacing
across 22 littoral cells). Following the work of Vitousek et
al. (2025) (51), we develop a hybrid, convolutional model
that bridges reduced-complexity and data-driven approaches.
This model is based upon three fundamental pillars, grounded
in the findings of Taherkhani et al. (2026) (56), who used a
composite of lidar-, GPS-, and satellite-derived shoreline
positions (1984–2024) throughout the PNW to identify
distinct modes of shoreline position variability. The first
pillar involves specifying different modes of shoreline position
evolution, wherein the cross-shore and alongshore modes
together account for over 90% of the variability in detrended
shoreline positions averaged across all 22 analyzed littoral
cells. The second pillar involves prescribing predominant
types of oceanic forcing, i.e., wave energy, water level
variation, or a combination thereof, that drives each mode
of shoreline position variability. The final pillar concerns
the formulation and optimization of equilibrium timescale
functions (or kernel function), as “morphodynamic memory,”
that effectively link each modal shoreline response to its
corresponding oceanic forcing. This three-pillar framework
ensures the multi-scale or “scale-adaptive” character of our
approach, as well as its grounding in real-world/observed
behavior across the PNW. Our modeling effort also highlights
the important contribution of satellites, the planet’s most

2 Taherkhani et al.
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extensive resource of coastal change data, utilized for both
calibrating and validating the model, which enables us to
create a “model at the scales of data” (28). In what follows,
we first present transect-scale hindcast performance spanning
22 studied littoral cells in the PNW. We then report shoreline
variability component-level performance at the littoral cell
scale for Sand Lake (Oregon) and Long Beach (Washington),
selected for their contrasting geological, morphological, and
geographical characteristics. Finally, we examine what the
optimized kernel properties reveal about morphodynamic
memory across the PNW, including how shoreline responses
vary with geographical latitude and coastal orientation.

Results

Hindcast performance.

The U.S. Pacific Northwest. We perform transect-scale shoreline
position hindcasting to encompass all 10,599 sandy beach
transects, spaced 50 m alongshore, across the 22 pre-
defined littoral cells in the PNW, covering the entirety of
Oregon’s and most of Washington’s sandy beaches (Refer
to Supporting Information [SI] for details on Washington
coast coverage). We hindcast total shoreline position (Yt),
the quantity directly observable via satellite or ground
truth methods (Refer to Materials and Methods and SI for
details on the composite of observed satellite-, lidar-, and
GPS-derived shoreline position data), modeled as the linear
superposition of five components: cross-shore seasonal (YCS),
cross-shore interannual (YCI), alongshore (YAl), relative
sea level rise-induced (YRSLR), and residual interdecadal
trend (YR), each described in further detail in the Sand
Lake hindcast subsection below. The hindcast spans 40
years (1984–2024), with the first 30 years (1984–2014)
used for calibration, during which model parameters are
optimized, and the final 10 years (2014–2024) reserved
for validation against withheld observations. We evaluate
hindcast performance during both calibration and validation
periods using four metrics: the Pearson correlation coefficient
(Corr), standard deviation (ST D), Root Mean Square Error
(RMSE), and Mielke’s index (λ). Of these, Corr and ST D
are used during optimization, Corr as the objective function
(Eq. 22) and ST D for amplitude scaling (Eq. 23), while
RMSE and λ serve as independent performance metrics.
Mielke’s index is a dimensionless skill metric ranging from
1 (perfect agreement) to 0 (no skill). Refer to Eqs. 17, 18,
19, and 20 in Materials and Methods for the mathematical
definitions of these metrics.

Fig. 1 illustrates hindcast performance across the PNW
(Fig. 1a-b) over the 1984–2024 period. During the validation
period, the model achieves a median RMSE of 14.1 m
(Inter-quartile range [IQR]: 10.5-19.4 m) and an unweighted
median Corr of 0.57 (IQR: 0.37-0.69), with approximately
77% of transects exhibiting RMSE below 20 m and 66%
exceeding Corr of 0.50 (Fig. 1b). Also, the PNW-wide
median Mielke’s index is 0.51 (IQR: 0.30-0.63; Fig. 1d).
The Taylor diagram (Fig. 1c) integrates Corr, ST D, and
RMSE into a unified view, with diamond and star symbols
distinguishing calibration and validation periods, respectively.
Mielke’s index (Fig. 1d) reveals comparable performance
between calibration and validation for most littoral cells:

median λ for Oregon, Washington, and the broader PNW
during validation (calibration) is 0.53 (0.66), 0.46 (0.67),
and 0.51 (0.66), respectively. Component-specific Mielke’s
index and RMSE values, i.e., for cross-shore seasonal
(CS), cross-shore interannual (CI), and alongshore (Al)
components, across all 22 littoral cells are presented in SI
Fig. S3. ST D, as a complementary performance parameter,
provides valuable context for interpreting the spatial
variability of RMSE. As evident in Fig. 1b, transects with
higher observed shoreline variability tend to exhibit higher
RMSE, reflecting a close spatial relationship between the
two metrics across the region. This spatial consistency in
hindcast performance is further confirmed by the normalized
Taylor diagram (Fig. 1c), where transect-scale metrics
cluster tightly during both calibration and validation periods,
indicating coherent model behavior across littoral cells.
However, spatially variable performance is evident near
estuarine and riverine entrances, as discussed below.

Beyond these summary metrics, Fig. 2 presents the
observed and modeled total shoreline positions across all
22 littoral cells over the full 1984-2024 period. In Fig. 2, a
transect-specific, 40-year linear trend is removed from the
observed shoreline positions, while the modeled interdecadal
trend components (YRSLR and YR), computed for all
transects following the procedure described in Materials
and Methods, are excluded from the modeled positions,
to promote the visualization of seasonal-to-interannual
variability. These linear trends, for both observed
and modeled positions, are retained when computing
total shoreline positions (Yt) used in the overall model
performance evaluation (Fig. 1). These heatmaps (often
called hovmöller diagrams) provide a comprehensive view
of the spatiotemporal evolution of shoreline positions
throughout the PNW, illustrating the model’s ability
to capture both the timing and magnitude of shoreline
variability at regional scale. The close agreement between
observed and modeled patterns across most of the coastline
is visually apparent at both seasonal and interannual scales.
At interannual scales, several littoral cells, particularly in
central and northern Oregon, exhibit pronounced multi-year
trends accounting for tens of meters of shoreline variability,
which the model reproduces satisfactorily—PNW-wide
median RMSE values for the CI and Al components range
from ∼7.1 m to ∼8.3 m, with calibration and validation
periods in close agreement (Refer to SI Fig. S3). At seasonal
scales, the effects of exceptionally energetic wave seasons
and elevated water levels during El Niño years are visible
across the PNW, notably during the winters of 1997-1998
and 2015-2016 (54, 56, 69). The 2015-2016 El Niño signal is
particularly noteworthy because it falls within the validation
period and is captured by the model without being informed
by shoreline observations. This signal is most prominently
visible across central and northern Oregon littoral cells.
Hindcast performance is generally strongest for open-coast
transects away from estuarine influences.

Despite the overall satisfactory performance, notable
spatial variability in hindcast metrics is evident across the
region (Figs. 1b and 2). This variability follows a recurrent
regional pattern, where sandy beaches situated near estuarine
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Fig. 1. Hindcast performance across the 22 analyzed littoral cells in the PNW. (a) Study region highlighting the outer coast of the U.S. Pacific Northwest (PNW),
encompassing the sandy beaches of Oregon and Washington. (b) Hindcast performance metrics (during the validation period—2014-2024), namely Root Mean Square Error
(RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) across all 10,599 sandy beach transects (with 50-m alongshore spacing) within the 22
analyzed littoral cells throughout the PNW—refer to Materials and Methods for formal definitions of each performance metric. Donut charts show the distribution of transects
across magnitude intervals for each metric. The median values and inter-quartile ranges (IQRs) for the PNW are depicted in the center of each chart. Sand Lake and Long
Beach littoral cells, examined in detail in Figs. 3–5, are indicated in bold. (c) The normalized Taylor diagrams, adjusted (normalized) for standard deviation (NST D) and Root
Mean Square Error (NRMSE), depict the littoral cell-median performance metrics corresponding to total shoreline positions during the calibration (1984-2014) and validation
(2014-2024) periods, marked with diamonds and stars, respectively (colored per the colorbar for each littoral cell). (d) Littoral cell-median Mielke’s index (λ; where 0 indicates
no skill and 1 indicates perfect agreement, accounting for both correlation and bias) during calibration and validation periods (indicated by diamonds and stars, respectively), for
individual littoral cells and aggregated across Oregon (OR), Washington (WA), and the PNW. Similarly, the indices are colored per the colorbar for individual littoral cells. Credit:
basemaps, Natural Earth (via MATLAB (68)).
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Fig. 2. Comparison of the detrended observed and modeled (hindcast) shoreline positions across the PNW during 1984-2024. Detrended (a) observed and (b)
modeled (hindcast) total shoreline positions (Yt,obs and Yt,mod, respectively, in meters) across the 22 analyzed littoral cells in the PNW from 1984 to 2024, displayed as
spatiotemporal heatmaps where the y-axis represents alongshore position (UTM Northing) spanning all littoral cells from south (Brookings) to north (Olympic Peninsula), and
the x-axis represents time. For observations, a 40-year linear trend is removed from each transect. For modeled positions, the interdecadal relative sea level rise-induced
(YRSLR) and residual trend (YR) components are excluded to promote the visualization of seasonal-to-interannual variability. Positive values indicate accretion (seaward
shoreline movement), and negative values denote erosion (landward shoreline movement). Sand Lake and Long Beach littoral cells, examined in detail in Figs. 3–5, are
indicated in bold. The dashed vertical line in panel (b) separates the calibration (1984–2014) and validation (2014–2024) periods.

entrances often exhibit lower hindcast accuracy than adjacent
open-coast segments. In Oregon, prominent examples include
the entrances of Rogue River in Gold Beach littoral cell (SI
Fig. S10), Coos Bay and Siuslaw and Umpqua Rivers in
Coos littoral cell (SI Fig. S15), Yaquina Bay in Newport
littoral cell (SI Fig. S17), Siletz Bay in Lincoln littoral cell
(SI Fig. S19), Netarts Bay in Netarts littoral cell (SI Fig.
S21), and Tillamook Bay in Rockaway littoral cell (SI Fig.
S22). In Washington, this pattern is particularly pronounced
near the entrances of Columbia River, Willapa Bay, and
Grays Harbor, which separate the coastline between Clatsop
(in Oregon) and North Beach littoral cells (Fig. 1 and SI
Figs. S25-26). A notable example is the southern extremity
of Grayland Plains littoral cell, adjacent to Willapa Bay
entrance, which contains one of the most rapidly eroding

shorelines in the continental U.S., with contemporary (1984–
2024) erosion rates of up to 20 m/year (55) (Refer to SI
Fig. S25). These reduced-performance extents indicate
the complexity of estuarine and riverine sediment exchange
processes, including localized sediment sources, sinks, and
morphological features (e.g., ebb-tidal deltas) that are not
captured by our framework’s regional-scale forcing inputs.
Conversely, performance metrics generally improve with
increasing distance from these estuarine influences.

Sand Lake littoral cell. Sand Lake littoral cell is relatively
short (∼12 km) and situated along the coast of Tillamook
County in northern Oregon. The beaches of Tillamook
County, extending from Cascade Head (south) to Cape
Falcon (north), include extensive sandy beaches interlaced

Taherkhani et al. 5
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with headlands and steep bluffs. This littoral cell, spanning
from Cape Kiwanda in the south to Cape Lookout in the
north (Refer to Fig. 3), is notable for its considerable sand
deposits (with a median sand grain size of ∼0.2 mm (55)),
particularly at the northern extremity where a dune sheet
extends well inland. Sand Lake littoral cell is sparsely
inhabited and encompasses the unjettied Sand Lake estuary
near its center. Despite its sand-rich character, long-term
historical measurements reveal a net erosional pattern, with
approximately 63% of the littoral cell’s extent undergoing
erosion (1960s through 2002) (55). This littoral cell is also
situated on a segment of the Oregon coast undergoing relative
submergence due to rising sea level that outpaces the region’s
slight tectonic uplift (55, 70). The Empirical Orthogonal
Function (EOF) decomposition of satellite-derived shoreline
positions (1984-2024 (56)—Refer to SI and SI Fig. S1)
indicates that Sand Lake, akin to other littoral cells in
central-northern Oregon coast, is predominantly driven by
cross-shore variability. Among the top three EOF modes,
explaining ∼94% of the variability in total, the cross-shore
component of shoreline positions (i.e., mode 1) accounts for
∼78%.

At the transect scale, we use time series of significant
wave height (Hs), peak wave period (Tp), wave direction (θ),
and still water level (ηSW L; Refer to Materials and Methods
and SI for details on the historical hydrodynamic data) to
construct the forcing functions (F ), one of the two central
elements of our convolutional framework, the other being
the kernel functions (K), for each component of shoreline
position variability (Refer to Materials and Methods for
details). Fig. 3a-d shows these hydrodynamic forcings at
an example transect (transect #51 out of 257, from south
to north) within Sand Lake littoral cell, identified by the
orange triangle in Fig. 3e. The forcing functions for the
cross-shore seasonal (FCS), cross-shore interannual (FCI),
and alongshore (FAl) components (Fig. 3f, i, l) are defined
via Eqs. 6, 8, and 11, respectively. Each forcing function
(F ) is convolved (∗) with its corresponding optimized kernel
function (K; Fig. 3g, j, m) to produce the component-wise
hindcast shoreline positions (Y ) during 1984–2024. Fig.
3h, k, and n compare the observed and modeled shoreline
positions at this example transect for each component,
i.e., cross-shore seasonal (YCS), cross-shore interannual
(YCI), and alongshore (YAl). The component-wise observed
shoreline positions are derived from the EOF decomposition
described in Materials and Methods. For each transect, 13
parameters are optimized across the three kernel functions
(KCS , KCI , KAl) and the alongshore forcing function (FAl);
Refer to Materials and Methods for details. Shaded regions
in these panels represent the 95% confidence intervals
(C.I.) derived from autoregressive (AR)-based uncertainty
quantification (Refer to Materials and Methods). The
remaining two components—the relative sea level rise-
induced trend (YRSLR; Eq. 15) and the residual interdecadal
trend (YR; Eq. 16), capturing shoreline change not explicitly
accounted for by wave activity or sea level rise—are shown in
Fig. 3o. The 95% C.I. for these two components is derived
via block-bootstrapping (with replacement) of the historical
SWL and shoreline position time series, respectively. The
total modeled shoreline position (Yt; Eq. 3) is presented

alongside observations in Fig. 3p, where the 95% C.I. is
derived from the summed component ensembles.

At this example transect within Sand Lake littoral cell,
during the 30-year calibration period (1984-2014), the cross-
shore seasonal component achieves RMSE = 11.2 m and
Corr = 0.69, while the cross-shore interannual component
yields RMSE = 12 m and Corr = 0.63. The cross-shore
seasonal component maintains consistent performance during
validation (2014-2024; RMSE = 10.5 m, Corr = 0.77).
However, the cross-shore interannual component decreases
during validation (Corr = −0.09), indicating the difficulty
of validating a very low-frequency signal with only a few
effective cycles within a 10-year window. Nonetheless, the
validation RMSE of 9.6 m for this component remains
comparable to its calibration value (12 m), suggesting
that the poor correlation reflects phase misalignment of
a low-frequency signal rather than a fundamental failure
in capturing its magnitude. The alongshore component
achieves RMSE = 7.8 m and Corr = 0.44 during calibration
and RMSE = 10 m and Corr = 0.19 during validation,
indicating that hindcasting this component at this location
is more challenging than the cross-shore components.
Nevertheless, the total shoreline position at this transect
achieves RMSE = 17.6 m, Corr = 0.62, and λ = 0.63
during calibration, and RMSE = 12.1 m, Corr = 0.70, and
λ = 0.60 during validation, with the latter demonstrating
moderate-to-high accuracy based on the PNW-wide metric
distributions. This performance is primarily driven by the
cross-shore dominated morphodynamics of Sand Lake littoral
cell, where cross-shore components account for ∼78% of the
total ∼94% variance explained by the top three EOF modes
(Refer to SI Fig. S1). The alongshore component contributes
only ∼16%, and its lower skill has a proportionally small
effect on total shoreline position hindcast performance.

The interdecadal sea level rise-induced trend (YRSLR;
Fig. 3o), estimated via the Bruun rule (Eq. 15), indicates a
negligible erosional signal at this transect, consistent with
the modest rate of relative sea level rise at the nearest tide
gauge (2.52 ± 0.6 mm/year [95% C.I.] during 1970-2024;
Garibaldi, Oregon, station ID: 9437540) (71). In contrast, the
residual interdecadal trend (YR) shows a larger accretional
signal, resulting in a net positive (marginally accretional)
interdecadal trend at this location.

The optimized kernel functions (KCS , KCI , KAl; Fig. 3g,
j, m) differ in their “peak response time” (τpeak, the time
to peak kernel amplitude) and “effective morphodynamic
memory” (τeff , the duration over which a forcing event
appreciably influences shoreline position, defined as the time
at which the kernel amplitude decays to 1% of its peak value),
representing the distinct timescales of each component. At
this example transect, τpeak (τeff ) values are approximately
3.9 (16.4), 0.6 (43.6), and 22.6 (110.3) months for the
cross-shore seasonal, cross-shore interannual, and alongshore
components, respectively. The physical interpretation of
these kernel properties and their spatial variability across the
PNW are examined in detail in the Morphodynamic Memory
subsection below.
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Fig. 3. Time series of hydrodynamic forcings, convolutional forcing (F ) and kernel (K) functions, and the components of shoreline position variability and their
hindcast performance at an example transect in Sand Lake littoral cell, Oregon. Time series of (a) significant wave height (Hs), (c) peak wave period (Tp), (d) wave
direction (θ), and (e) Still Water Level height (ηSW L). (b) The location of the example transect (transect #51, from south to north, among 257 transects) within this littoral cell
(highlighted by the orange triangle). Refer to Fig. 1 for the location of this littoral cell on the Oregon coast. (f-n) Each row of panels represents the time series of the forcing (F ;
left) and kernel (K; center—calibrated to best reproduce the observed shoreline positions) functions utilized in the convolutional framework (F ∗ K = Y ), the observed and
modeled (hindcast) shoreline positions for distinct components of shoreline position variability (right), namely, cross-shore seasonal (CS), cross-shore interannual (CI), and
alongshore (Al) components. τpeak and τeff , highlighted on panels (g), (j), and (m), respectively denote ”peak response time” and ”effective morphodynamic memory,”
which are the time at which the kernel function reaches its maximum amplitude and the total duration over which a forcing event exerts appreciable influence on shoreline
positions. Gray shading in panels (h), (k), and (n) represents the 95% confidence intervals (C.I.) of the hindcast, derived from autoregressive (AR) residual-based uncertainty
quantification (Refer to Materials and Methods for details). (o) Time series of the modeled relative sea level rise-induced and residual shoreline position variability (i.e., YRSLR

and YR, respectively). The 95% C.I. for these two components is derived via block-bootstrapping (with replacement) of the historical SWL and shoreline position time series,
respectively (Refer to Materials and Methods). (p) Time series of total shoreline positions (Yt), i.e., the superposition of the observed and modeled shoreline positions in panels
(h), (k), (n), and (o), respectively. The 95% C.I. for Yt in panel (p) is derived from the summed component ensembles. The Root Mean Square Error (RMSE), Pearson
correlation coefficient (Corr), and standard deviation (ST D) for the hindcast individual components and the total shoreline positions, during both calibration (1984-2014) and
validation (2014-2024) periods, are shown in corresponding panels, with validation values shown first and calibration values in parentheses. Credit: basemaps, Earthstar
Geographics (via MATLAB (68)).

We extend the transect-scale analysis to all 257 sandy
beach transects across Sand Lake littoral cell. Fig. 4a-c
presents the spatiotemporal variability of total observed
(Yt,obs) and modeled (Yt,mod) shoreline positions, alongside
their difference (∆Yt = Yt,obs − Yt,mod) throughout this
littoral cell. Validation-period performance metrics for all 257
transects are shown in Fig. 4e, with littoral cell-scale medians

of RMSE = 16.0 m (IQR: 14.5-18.5 m), Corr = 0.45 (IQR:
0.31-0.61), and λ = 0.39 (IQR: 0.29-0.54; Refer to Fig.
1c). Based on the PNW-wide metric distributions, these
values demonstrate fair hindcast accuracy across this
littoral cell. The median ST D (14.7 m) contextualizes the
RMSE, indicating that the model error is comparable to
the natural shoreline variability at this littoral cell. The
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Fig. 4. Hindcast performance of the historical (observed) shoreline positions throughout Sand Lake littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root Mean Square Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values and inter-quartile ranges (IQRs) shown above each KDE (the y-axis is not scaled). The location of the example
transect showcased in Fig. 3 is indicated by the orange triangle in this panel. Refer to Fig. 1 for the location of this littoral cell on the Oregon coast. (f) The normalized (for
standard deviation [NST D] and Root Mean Square Error [NRMSE]) Taylor diagrams for the total shoreline position variability of all transects in this littoral cell, during both
calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (68)).

model captures both seasonal and interannual patterns
of cross-shore variability well throughout the calibration
period, as visually apparent in Fig. 4a-b. Performance
during validation is roughly consistent with calibration
across most transects, as confirmed by the tight clustering

in the normalized Taylor diagram (Fig. 4f). Hindcast
accuracy is strongest in the southern half of the littoral
cell, with metrics declining toward the northern half where
larger accretional residual trends and elevated shoreline
variability are present. Component-specific performance
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across this littoral cell follows the patterns noted at the
example transect, where the cross-shore seasonal component
performs consistently across calibration and validation, the
cross-shore interannual component shows reduced validation
skill due to limited low-frequency cycles, and the alongshore
component remains the most challenging to hindcast (Refer
to SI Fig. S3 for component-level metrics). The normalized
kernel shapes across all transects in this littoral cell (Fig.
4d) show within-cell consistency, with the 95% variability
band confirming that kernel shapes are coherent across
transects for each component. The spatial patterns and
physical interpretation of these kernels are examined in the
Morphodynamic Memory subsection below.

Long Beach littoral cell. Long Beach littoral cell, a subcell of
the Columbia River Littoral Cell (CRLC)—also including
Clatsop in Oregon, and Grayland Plains and North Beach
littoral cells in Washington (Refer to Fig. 1b)—stretches
roughly 44 km along the southern Washington coast, making
it one of the longest in the PNW. Bounded by the northern
jetty of the Columbia River to the south and the unjettied
entrance of Willapa Bay to the north (illustrated in Fig.
5e), this coastal segment features gently sloping beaches
backed by vegetated foredunes and is characterized by
well-sorted medium to fine sand (55). Historical monitoring
campaigns and numerical analyses (e.g., refs. (55, 61, 65))
have revealed a nuanced coastal system that, while exhibiting
strong accretionary trends over extended time frames,
displays considerably greater complexity at shorter time
scales, with transient hydrodynamic events and localized
erosional hotspots reflecting reversals in longshore sediment
transport patterns. Although jetty construction at the
southern boundary contributed to accretionary trends over
multidecadal timescales (59), it remains uncertain how these
trends will evolve in the future, in part given that sediment
supply from the Columbia River has substantially diminished
over the past century due to interventions such as damming
(59). Relatively high tectonic uplift rates over much of Long
Beach littoral cell largely offset sea level rise, resulting in
near-zero net contemporary relative sea level change (55).
This littoral cell is distinct within the PNW coastal system
as its multidecadal trends are driven primarily by alongshore
morphological variability (56). It represents the only littoral
cell in the PNW where the primary mode (i.e., mode 1)
of EOF decomposition of the detrended satellite-derived
shoreline positions during 1984-2024 has been associated
with alongshore variability, explaining roughly 50% of the
∼85% total variability captured by the top three EOF modes.
Furthermore, modes 1 and 3 together account for 62% of
total variability, both associated with alongshore processes
(56).

For brevity, transect-scale hindcast performance at two
contrasting locations within Long Beach littoral cell, one
near the southern jetty-influenced boundary (Benson Beach)
and one relatively near the littoral cell midpoint, is presented
in SI Fig. S2. We extend the analysis to all 839 transects
across Long Beach littoral cell. Fig. 5a-c presents the
observed, modeled, and residual total shoreline positions
throughout this littoral cell. The heatmaps reveal that the
model reproduces the interannual-to-interdecadal trends

evident in the observations across the broad spatial extent
of this cell. The residual panel (Fig. 5c) confirms this,
with differences between observed and modeled positions
remaining small relative to the total signal across most of
the littoral cell, except at the northern extremity of this
littoral cell.

Validation-period performance metrics for all 839 transects
are shown in Fig. 5e, with littoral cell-scale medians of
RMSE = 14.8 m (IQR: 13.2-21.8 m), Corr = 0.54 (IQR:
0.32-0.63), and λ = 0.45 (IQR: 0.26-0.55; Refer to Fig. 1c),
reflecting a fair-to-moderate hindcast accuracy throughout
this littoral cell. Performance metrics decline toward the
northern extremity of this littoral cell (Refer to Fig. 5e
and Fig. 5a-c), near the unjettied Willapa Bay entrance,
consistent with the pattern of reduced accuracy near estuarine
entrances noted at the PNW scale. Component-specific
performance follows a pattern distinct from Sand Lake, where
the alongshore component, which dominates variability in
this littoral cell, plays a larger role in overall accuracy (Refer
to SI Fig. S3 for component-level metrics). Additionally,
Long Beach exhibits among the strongest interdecadal
trends of any PNW littoral cell, with pronounced erosion
in the short southern segment between the Columbia River
entrance and North Head, contrasting with strong accretion
from North Head northward to Willapa Bay entrance (Refer
to Fig. 5a-b and SI Fig. S2). These opposing trends, well
captured by the model, highlight the importance of the YR

component in this littoral cell (Refer to SI Fig. S2e and m).
Performance during validation is roughly consistent with
calibration across most transects, as confirmed by the tight
clustering in the normalized Taylor diagram (Fig. 5f), mainly
with the exception of transects near the Willapa Bay entrance.

As in Sand Lake, the normalized kernel shapes across
transects in Long Beach (Fig. 5d) exhibit within-cell
consistency; their physical interpretation is examined in
the Morphodynamic Memory subsection below. Hindcast
performance for all remaining littoral cells in the PNW is
presented in SI Figs. S8-S27.

To evaluate the reliability of our uncertainty quantification,
we compute the empirical percentage of the observed shoreline
positions falling within the 95% C.I. (hereafter, within-
C.I. percentage) for each component and for total shoreline
positions across all littoral cells (SI Fig. S4). Among
individual components, the cross-shore seasonal (CS) and
alongshore (Al) components yield median empirical within-
C.I. percentages of approximately 93-96%, closely tracking the
nominal 95% target and indicating well-calibrated uncertainty
bands across the PNW. The cross-shore interannual (CI)
component consistently approaches 100%, reflecting the
conservative capping applied to this low-frequency signal
(Refer to Materials and Methods). Notably, in Long Beach
littoral cell, where the alongshore component dominates
shoreline variability, its within-C.I. percentage remains close
to 95%, demonstrating well-calibrated bands even for the
component carrying the most variance. A comparison
with Monte Carlo (MC) parameter perturbation at four
example transects across the PNW (SI Fig. S5) further
underscores the advantage of the AR approach. While
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Fig. 5. Hindcast performance of the historical (observed) shoreline positions throughout Long Beach littoral cell, Washington. Spatiotemporal representation
(heatmap; y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c)
their difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted
for amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root Mean Square Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values and inter-quartile ranges (IQRs) shown above each KDE (the y-axis is not scaled). The locations of the example
transects detailed in SI Fig. S2 are indicated by the orange and yellow triangles in this panel. Refer to Fig. 1 for the location of this littoral cell on the Washington coast. (f) The
normalized (for standard deviation [NST D] and Root Mean Square Error [NRMSE]) Taylor diagrams for the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (68)).
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both methods yield comparable coverage for the cross-
shore seasonal component, MC produces substantially lower
coverage for the cross-shore interannual component (as
low as 3% and 7% during validation), where uncertainty
sources beyond parameter values are most consequential,
particularly for a component that accounts for approximately
70% of cross-shore shoreline variability across the PNW (56).
For the alongshore component, MC exhibits inconsistent
behavior—producing unrealistically wide bands in some
cases and underestimating uncertainty in others—while AR
provides consistently calibrated bounds across all components
and transects. This confirms that parameter perturbation
alone captures only a fraction of the aggregate data+model
uncertainty, whereas the AR residual-based approach aims
to implicitly account for all interacting sources. At the PNW
scale, the within-C.I. percentage for total shoreline positions is
approximately 98% and 99% during calibration and validation,
respectively, satisfying our intended conservatism above the
nominal 95% target. This conservatism stems primarily from
the low-frequency components (YCI , YRSLR, and YR), where
uncertainty is harder to constrain, while the higher-frequency
components (cross-shore seasonal and alongshore), which
carry the most management-relevant variability at seasonal-
to-interannual time scales, remain well-calibrated near the
nominal 95%.

Morphodynamic memory across the PNW. Beyond hindcast
performance, the optimized kernel functions (K; Refer to
Fig. 3g, j, and m) provide a physically interpretable window
into how the PNW coast responds to hydrodynamic forcings,
here presented in the form of various forcing functions (F ).
We characterize each kernel by three properties: (1) the peak
response time (τpeak), representing how quickly the shoreline
reaches its maximum response to a particular forcing event
or period; (2) the effective morphodynamic memory (τeff ),
defined as the time at which the kernel amplitude decays
to 1% of its peak value, representing the total duration
over which a forcing event appreciably influences shoreline
positions; and (3) the kernel amplitude (|A|), representing
the strength of the shoreline response to a particular forcing
(Refer to Materials and Methods for details on the adopted
kernel functional form, the definition of component-specific
kernels, and the optimization of their parameters). Analyzing
the spatial variability of these properties across all 22 littoral
cells reveals systematic patterns that demonstrate the
interplay between the PNW’s geomorphic setting, geographic
position, and hydrodynamic forcing regime.

How fast does the coast respond? The peak response time
(τpeak; Fig. 6b-d) varies structurally across components; the
cross-shore seasonal component responds on the order of
∼3-4.5 months, the cross-shore interannual component on the
order of ∼0.75-2.5 months, and the alongshore component
on the order of ∼12-30 months (Refer to SI for further
details on the characteristics of these time scales). For the
cross-shore seasonal component, τpeak shows fair correlations
with latitude (R2 = 0.10, p = 0.152) and coastal orientation
(R2 = 0.11, p = 0.134; Fig. 6e-f), suggesting a possible but
statistically inconclusive spatial dependence. The cross-shore
interannual component shows a similar correlation with
orientation (R2 = 0.12, p = 0.110; Fig. 6h) but negligible
dependence on latitude (R2 = 0.02, p = 0.572; Fig. 6g). In

both cases, the lack of statistical significance indicates that
cross-shore peak response times are relatively stable across
the PNW. In contrast, the alongshore component exhibits a
strong latitudinal correlation (R2 = 0.50, p < 0.05; Fig. 6i),
meaning the northern PNW littoral cells take considerably
longer to reach their peak shoreline response to alongshore
forcing than their southern counterparts.

For how long does the coast remember? The effective
morphodynamic memory (τeff ; SI Fig. S6) reveals a
complementary spatial structure. For the cross-shore
seasonal component, τeff is stable across the PNW (∼13-
17 months), with no significant latitude or orientation
dependence (SI Fig. S6e-f), indicating a relatively spatially
uniform seasonal recovery timescale (Refer to SI for further
details on the characteristics of these time scales). The
cross-shore interannual component, however, shows a
moderate-to-strong dependence between τeff and coastal
orientation (R2 = 0.25, p < 0.05; SI Fig. S6h), translating
to shorter interannual memory for more west-facing,
open coastlines. The alongshore component, similar to
τpeak, exhibits the strongest spatial signal, with τeff

increasing significantly, and showing a strong correlation
with latitude (R2 = 0.41, p < 0.05; SI Fig. S6i), ranging
from approximately 80 months in southern Oregon to over
140 months in northern Washington. Together with the τpeak

results, this indicates that northern littoral cells respond
more slowly to alongshore forcing and retain the imprint of
that forcing for longer.

How strongly does the coast respond? The kernel
amplitude (|A|; SI Fig. S7) shifts the focus from temporal
characteristics to the intensity of the shoreline response to
each forcing signal. The cross-shore seasonal amplitude
increases significantly with coastal orientation (R2 = 0.33,
p < 0.05; SI Fig. S7f), indicating that more west-facing
coastlines respond more strongly to seasonal wave forcing.
The cross-shore interannual amplitude correlates moderately-
to-strongly with latitude (R2 = 0.32, p < 0.05; SI Fig. S7g),
indicating that northern littoral cells are more sensitive to
interannual hydrodynamic forcing variability. The alongshore
amplitude shows no significant spatial trends, indicating that
the strength of the alongshore response is likely governed
more by local geomorphic conditions (e.g., littoral cell length
and sediment supply) than by regional-scale gradients.

These findings reveal a distinct spatial pattern in the
PNW’s morphodynamic memory. The alongshore component
is primarily influenced by latitude, with both the timing
and duration of coastal memory increasing northward, while
interannual response intensity also strengthens with latitude.
Coastal orientation, in turn, affects seasonal response inten-
sity and modulates interannual memory duration. Alongside
the systematic between-cell variability, kernel shapes are
highly consistent within individual littoral cells, as demon-
strated by the tight 95% variability bands in Figs. 4d and
5d (also refer to SI Figs. S8-27). This within-littoral cell
coherence further supports the physical interpretability of the
optimized kernels, as neighboring transects, sharing similar
forcing and geomorphic conditions, yield consistent response
functions rather than erratic, physically implausible shapes.
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Fig. 6. Variability of peak response time (τpeak) in the optimized kernel functions (K) across the 22 analyzed littoral cells in the PNW. (a) Map of the U.S. Pacific
Northwest (PNW) outer coast showing the locations and boundaries of all 22 analyzed littoral cells. (b–d) Violin plots depicting the within-littoral cell distribution of τpeak (in
months) for the cross-shore seasonal (CS; orange), cross-shore interannual (CI ; green), and alongshore (Al; blue) components, respectively. Stars denote littoral cell-median
values. (e–j) Littoral cell-median τpeak linearly regressed against littoral cell-average UTM Northing (left column; in km) and seaward, shore-normal orientation (right column; in
nautical degrees) for each component (denoted at the top-right of each panel), with the coefficient of determination (R2) and its corresponding p-value (with a significance level
of α = 0.05) reported. Dashed lines indicate the best-fit regression, with shading representing the 95% confidence interval (C.I.) of the linear fit. Refer to SI Figs. S6 and S7 for
equivalent variability analyses on the effective morphodynamic memory (τeff ) and kernel amplitude (|A|), respectively. Credit: basemaps, Natural Earth (via MATLAB (68)).

Discussion

Performance of the convolutional framework in a broader
context. Implementing shoreline change models across
large spatiotemporal scales, while accounting for various
patterns of shoreline variability at seasonal-to-interdecadal
scales, remains rare. CoSMoS-COAST represents the
primary benchmark, with regional applications to California
(32, 33), the U.S. South Atlantic Coast (18), and O‘ahu
(Hawai‘i) (72). Its initial application to some extents of the
PNW beaches yielded modest performance (66), primarily
due to the framework’s limited capacity to resolve the
interannual cross-shore and alongshore variability that
characterizes this region, partly motivating the development
of our scale-adaptive approach. As detailed in SI Table

S1, our framework achieves comparable hindcast skill
(validation) across the PNW, performing on par with both
CoSMoS-COAST’s regional applications and most recent
multi-model benchmarking studies (31, 37). The slightly
higher median RMSE (14.1 m vs. 12.4 m for California)
reflects the PNW’s greater shoreline variability (median
observed ST D = 13.6 m) and the more challenging coastal
setting—characterized by high-energy wave conditions,
mesotidal ranges, and predominantly low-sloping beaches
compared to California (73)—rather than a deficiency in
model skill. This is corroborated by the median Mielke’s
index of λ = 0.51, which closely matches California’s index
of agreement (d = 0.55; (33, 74)). The RMSE is also
comparable in magnitude to the median observed shoreline

12 Taherkhani et al.
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variability (ST D = 13.6 m), as well as being below the
estimated satellite-derived shoreline uncertainty for the
region (∼16.7 m; (56)) and the Landsat pixel resolution (15
m pan-sharpened), indicating that the model approaches the
observational noise floor.

Our framework’s EOF-based component targeting
distinguishes it from approaches that model total shoreline
position and subsequently decompose the output (75).
Alternative decomposition strategies, such as Complete
Ensemble Empirical Mode Decomposition (CEEMD;
(76)) and Discrete Wavelet Transform (DWT; (77)), also
separate signals prior to modeling, but our EOF-based
approach exploits the orthogonality of its modes to ensure
uncorrelated components and minimize error propagation
during calibration. This EOF-based approach is particularly
effective for the PNW, where cross-shore and alongshore
variability modes are geomorphically distinct (5, 61, 65),
well-separated by EOF analysis (56), and driven by different
physical forcings.

Hindcast skill varies predictably across different compo-
nents in our framework. The cross-shore seasonal signal
(YCS), with its high frequency and many observable cycles, is
consistently well-reproduced (SI Fig. S3b,f). This component
sufficiently captures the shoreline response to sustained,
regionally coherent elevated forcing episodes lasting several
months, particularly El Niño fall-winter seasons (56, 69, 78),
e.g., 1997-98 and 2015-16 (Refer to Fig. 2), with the latter
notably falling within the validation period. Individual storm
events, which operate at shorter time scales (e.g., several days)
than our framework targets, are not specifically resolved, nor
are they the primary driver of seasonal-to-interdecadal shore-
line variability in the PNW. Interannual components (YCI ,
YAl) are inherently more difficult, where fewer effective cycles
constrain calibration, and phase misalignment during the 10-
year validation window can depress Corr despite reasonable
RMSE values. Two mechanisms mitigate this at the total
shoreline level. First, in many instances, errors in YCI and YAl

partially offset when superimposed, yielding total RMSE and
Mielke’s index values that improve upon those of individual
interannual components across most littoral cells (compare
SI Fig. S3a with S3c-d). Second, in littoral cells with strong
interdecadal trends, such as Long Beach (littoral cell #19), YR

dominates total variability, and the model’s ability to capture
this dominant signal sustains overall hindcast accuracy even
where interannual components underperform. Notably, Long
Beach achieves total performance comparable to other well-
performing littoral cells despite exhibiting among the highest
shoreline variability in the PNW (Refer to Fig. 5, SI Figs.
S2, and S3a,e).

Spatial and component-level limitations in hindcast
performance. The most prominent spatial limitation in
hindcast performance is the recurrent decline in accuracy
near estuarine entrances throughout the PNW (Figs. 1b,
2, and SI Figs. S8-S27). These locations—the Columbia
River (whose sediment supply has substantially diminished
over the past century due to damming (59)), Willapa Bay,
and Grays Harbor entrances within the CRLC (55, 61), as
well as several other estuarine entrances along the Oregon
coast—involve sediment exchange processes including

ebb-tidal delta dynamics, relatively minor fluvial sediment
sources and sinks, and estuarine circulation. These processes
operate at spatial and temporal scales not captured by our
regional-scale forcing functions. This is consistent with the
recognized limitations of equilibrium-based approaches in
settings where underlying geology and sediment supply
exert dominant control on shoreline behavior (44–46). The
southern extremity of Grayland Plains littoral cell (SI Fig.
S25), adjacent to Willapa Bay, exemplifies this challenge,
with contemporary erosion rates of up to 20 m/year (55)
driven by processes that our framework’s linear residual
trend (YR) cannot fully represent. The spatial coherence
of these residual patterns near known areas of anomalous
geomorphology with sediment sources and sinks suggests
that the difference between modeled and observed shoreline
positions (Refer to Figs. 4c, 5c, and SI Figs. S8-S27) could
potentially serve as a proxy for unresolved sediment budget
contributions; however, validating this interpretation would
require independent geomorphologic data and modeling
beyond the spatiotemporal scope of this study.

Component-specific challenges further reveal the model’s
limitations. The cross-shore interannual component (YCI)
is most affected by equifinality, where its low-frequency
nature provides far fewer independent cycles to constrain the
optimization compared to the seasonal component, rendering
it more susceptible to non-unique parameter solutions, while
phase misalignment during the relatively short validation win-
dow further depresses correlation despite reasonable RMSE
values, as mentioned above. The alongshore component
(YAl) faces a distinct challenge. Its forcing function is
highly sensitive to its optimizable parameters, as evidenced
by the unrealistically wide uncertainty bands produced by
Monte Carlo (MC) parameter perturbation at four example
transects (SI Fig. S5). Wave direction uncertainty in the
hindcast forcing product (79, 80) compounds this sensitivity
further. For both components, increasing the number of initial
optimization seeds and optimization cycles could improve
convergence, though the fundamental sensitivity of longshore
transport formulations to the relative wave angle (61, 81)
remains a structural limitation. The simplified Bruun rule
used for the relative sea level rise-induced trend (YRSLR) also
carries well-documented limitations in translating relative sea
level rise into shoreline change (82–84). While its impact is
likely modest over the 40-year hindcast period compared to
other error sources, it could become increasingly consequential
for longer-term projections. Satellite data temporal resolution
is lower pre-1999, when observations relied solely on Landsat
5 mission (85), contributing to apparent mismatches in the
early portion of the record. These data-related limitations
are discussed further in the Limitations subsection.

Morphodynamic memory and its spatial controls across the
PNW. The two-parameter Gamma-shaped kernel adopted
in our framework, unlike the single-parameter, exponential
kernel used in prior convolutional models (e.g., ref. (51)), can
represent a delayed peak response, capturing the lag between
hydrodynamic forcing and maximum shoreline response.
This additional flexibility provides a more sophisticated
representation of morphodynamic memory and enables the
systematic analysis of peak response time (τpeak), effective
morphodynamic memory (τeff ), and kernel amplitude (|A|)
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across all 22 littoral cells, revealing spatial patterns that
align with known geomorphic and hydrodynamic gradients
of the PNW (86–88). Latitude exerts the strongest control
on alongshore memory, where both τpeak (R2 = 0.50)
and τeff (R2 = 0.41) increase northward, consistent with
the northward increase in littoral cell length. Coastal
orientation controls cross-shore response intensity, with more
west-facing coastlines responding more strongly to seasonal
forcing (|ACS |, R2 = 0.33), potentially indicating greater
exposure to north Pacific swell and, thus, the resulting
stronger morphological response (Refer to, e.g., ref. (73)).
Orientation also modulates interannual memory duration
(τeff,CI , R2 = 0.25), with more exposed coastlines exhibiting
shorter interannual memory. Interannual response intensity
(|ACI |, R2 = 0.32) increases with latitude, indicating
greater sensitivity of northern littoral cells to interannual
hydrodynamic variability.

These latitude- and orientation-dependent patterns are
corroborated by two complementary lines of recent evidence.
Taherkhani et al. (2026) (56), using UMAP-based classifica-
tion (89) of seasonal-to-interannual teleconnection metrics
between ENSO/PDO, wave and water level forcing, and
shoreline variability EOF modes, found that a littoral cell’s
geographical latitude and planform orientation influence how
it experiences these climate-shoreline teleconnections. Our
kernel analysis confirms this from an independent, model-
based perspective. Beyond the PNW, Castelle et al. (2024)
(90) reported analogous patterns along the Atlantic coast of
Europe, where west-facing open coastlines showed stronger
and more alongshore-uniform correlations with dominant
winter climate indices, comparable to central-northern littoral
cells in the PNW, while embayed and sheltered coastlines
exhibited weaker and more spatially variable responses. The
convergence of these findings across two ocean basins suggests
that latitude- and orientation-dependent morphodynamic
memory may be a general characteristic of open, wave-
dominated coastlines exposed to large-scale climate variabil-
ity.

Future directions. As demonstrated throughout this work, the
shape of the kernels plays a central role in determining the
framework’s capacity to represent morphodynamic memory
across different components and timescales. This underscores
that future convolution-related efforts to further bridge
reduced-complexity and AI-based approaches in shoreline
modeling, potentially covering spatiotemporal scales beyond
those addressed here, could benefit from exploring more
advanced and flexible kernel formulations. When recast as an
ordinary differential equation (Refer to SI), our framework
shares mathematical structure with structured State-Space
Models (SSMs) (91), indicating that a recently developed DL
architecture such as Mamba (92), which uses SSM layers as
convolution-like filters, may be naturally well-suited for this
purpose. Notably, Mamba can dynamically adapt its kernel
shape in a context-dependent manner throughout a sequence
(e.g., time series), a capability that could address the need for
resolving additional timescales, such as individual short-term
(days-long) storm events, and processes, such as estuarine
sediment exchange and ebb-tidal delta dynamics, that remain
unresolved in our current framework.

Once calibrated, our model’s computational efficiency
makes it well-suited for stochastic projections of future shore-
line positions under a broad range of climate scenarios (93–95).
The model accommodates future changes in hydrodynamic
forcing, including storminess and interannual water level
variability, which are highly modulated by ENSO and PDO
(56, 69, 96). If the characteristics of these climate modes
alter under climate change (Refer to, e.g., refs. (95, 97–
99)), the resulting changes in wave climate and water levels
propagate naturally through the forcing functions into the
shoreline projections. Changes in interdecadal relative sea
level rise are similarly accommodated, subject to the Bruun
rule limitations noted earlier. However, because the kernels
are calibrated on 1984-2024 conditions, extrapolation to
substantially different climate regimes and several-decade
time scales requires caution (Refer to, e.g., ref. (35)). The
framework’s probabilistic outputs, including the empirically
substantiated 95% uncertainty bands (covering “epistemic”
uncertainty) produced for each component and total shoreline
position, alongside physically interpretable kernel properties,
offer advantages over black-box models for better communi-
cating coastal hazards to stakeholders and decision-makers
(43, 100, 101). This aligns with recent calls to distinguish
event-scale dynamics from long-term trends and translate
multi-temporal shoreline metrics into place-based risk insights
(102, 103).

Materials and Methods

We used MATLAB (68) and its related auxiliary toolboxes (104–
108) to perform our analyses and optimizations, and plot figures in
this study. For brevity, we provide the key relevant information on
(1) spatial coverage and discretization of the PNW outer coast, (2)
historical wave, water level, and shoreline data, and (3) determining
the dominant EOF modes of historical shoreline variability in SI.
For further details, refer to Taherkhani et al. (2026) (56). Fig. 7
provides an overview of the modeling framework, summarizing the
input data sources, convolutional procedure, optimization process,
and final outputs.

The origins of convolution in the context of shoreline change
modeling. The premise of applying convolution to coastal change
studies was first laid out analytically by Kriebel and Dean (1993)
(50). This concept was predicated on the assumption that beaches
subjected to steady-state forcing conditions evolve toward a stable
or equilibrium state in an approximately exponential manner,
manifesting in the form of a convolution integral (47):

Y (t) = Y0e−k−1t + k

∫ t

0
e−k(t−τ)Yeq(τ) dτ, [1]

where Y , Yeq , Y0, and τ represent the instantaneous, equilibrium,
and initial shoreline positions and the characteristic time scale
(time lag), respectively, and k is a constant. Miller and Dean
(2004) (47) subsequently revisited this concept and proposed a
numerical approach to the application of convolution in shoreline
evolution. Vitousek et al. (2025) (51) recently re-evaluated the
characteristics of two well-known, equilibrium-based shoreline
change models, namely Yates et al. (2009) (48) and Davidson
et al. (2013) (49), by building on the concept of equilibrium
(47, 109). They demonstrated that these equilibrium models are
numerically equivalent to a convolutional framework, in which an
exponential memory window (“filter” or “weighting function” or
“kernel” [i.e., exp (−k(t − τ))]) is convolved with a forcing function
(f), e.g., a seasonal significant wave height anomaly term:

Y (t) = Y0e−kt +
∫ t

0
e−k(t−τ)f(τ) dτ. [2]
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Fig. 7. Flowchart of the modeling framework, illustrating model inputs, method-
ology, and outputs. The framework relies on three pillars: (1) decomposition of
the observed (historical) shoreline positions into cross-shore seasonal (CS), cross-
shore interannual (CI), and alongshore (Al) components via Empirical Orthogonal
Function (EOF) analysis and frequency filtering; (2) definition of component-specific
forcing functions (F ) derived from wave parameters and water levels; and (3)
specification of Gamma-distribution-shaped kernel functions (K), whose parameters
are optimized to reproduce observed shoreline variability (Y ) via convolution
(Y = [K ∗ F ](t)). *Refer to ref. (56) and SI for further details on the input
data, including spatial discretization (transects) of the outer coast and historical
wave, water level, and shoreline position data. **Long Beach is the only littoral
cell among the 22 analyzed where the alongshore component dominates, with
EOF mode 1 representing primarily alongshore variability (which, combined with
mode 3, accounts for ∼62% of variability), while mode 2 mainly captures cross-
shore variability (∼23% of variability). Refer to SI Fig. S1 for the spatiotemporal
visualization of the top three EOF modes across all 22 analyzed littoral cells.

Here, k is a damping coefficient associated with seasonal cross-shore
change in shorelines. Parallels are evident in these convolutional
frameworks, as the analytical form proposed by Kriebel and Dean
(1993) (50) appears closely identical to the numerical form derived
by Vitousek et al. (2025) (51), with the sole exception of the
change in the equilibrium forcing function, as demonstrated by
Eqs. 1 and 2.

The PNW-tailored, scale-adaptive convolutional framework for shore-
line change modeling. We propose a relatively simple, data-driven
shoreline evolution model based on a convolutional framework,
inspired by the convolution model introduced by Vitousek et
al. (2025) (51). Our model is specifically designed to address
real-world variability of historical shorelines across the sandy
beaches of the PNW, building upon the findings of Taherkhani
et al. (2026) (56). Their research explored various patterns
(modes) of shoreline change occurring across different temporal
scales throughout the PNW by analyzing 40 years (1984-2024) of
composite satellite, lidar-, and GPS-derived shoreline positions,
while also examining the primary drivers contributing to each mode
of shoreline variability. Drawing on these insights, we developed
our model around three fundamental pillars: (1) modes of historical
shoreline variability, (2) the predominant forcing mechanisms
driving each mode, and (3) the temporal scales over which each
mode occurs. The first pillar ensures a representation of all
dominant shoreline position change modes evident across the PNW,
including both cross-shore and alongshore components. The second
pillar addresses the external hydrodynamic forcings, i.e., wave
components, water level variability, or combinations thereof, that
effectively drive each mode of historical shoreline evolution. The
third pillar captures the specific time scales over which each mode
of historical shoreline variability manifests, effectively determining
the time frame wherein the dominant hydrodynamic drivers exert
maximum influence on the emergence of that particular mode.

The architecture of the convolutional framework. Taherkhani et
al. (2026) (56) revealed that the cross-shore and alongshore
components together, on average, account for over 90% of the
variability in shoreline positions in nearly all 22 studied littoral
cells across the PNW, based on an EOF analysis of detrended
historical shoreline positions. More specifically, on average, the
cross-shore component constitutes about 70% of the variability,
while the alongshore component contributes around 21%. A clear
interannual signal in the cross-shore component indicates that
mode 1 from the EOF analysis is primarily responsible for the
majority of interannual variability across nearly all littoral cells,
except for Long Beach littoral cell. This finding underscores the
importance of accurately hindcasting the interannual signal of
the cross-shore component (YCI ; where subscript “CI” denotes
Cross-shore Interannual), in addition to the sub-annual/seasonal
cross-shore signal (YCS ; where subscript “CS” denotes Cross-
shore Seasonal). Moreover, the alongshore component (YAl;
where subscript “Al” denotes Alongshore) in all examined littoral
cells (except Long Beach) represents the second most dominant
variability mode, effectively a superposition of modes 2 and 3
(modes 1 and 3 for Long Beach littoral cell) from the EOF
analysis. Consequently, incorporating YCS , YCI , and YAl in our
hindcasting framework has the potential to capture, on average,
∼91% of the variability in shoreline positions across the PNW. We
address the long-term (interdecadal) trends in shoreline positions
by accounting for gradual relative sea level rise (YRSLR; subscript
“RSLR” denotes Relative Sea Level Rise) and the slow effects
of residual, unresolved processes (e.g., considerable sources and
sinks of sediment) that cannot be modeled through a convolutional
framework (YR; subscript “R” denotes Residual). Ultimately, the
final (total) shoreline position (Yt) across the PNW, encompassing
all its components at an arbitrary time t, can be represented as:

Yt(t) = YCS(t) + YCI(t) + YAl(t) + YSLR(t) + YR(t). [3]

The first pillar involves decomposing total shoreline variability
into its primary components. Each modeled component is then
independently calibrated and validated against its observed
(historical) counterpart.
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In the convolutional framework we establish, we address the
second and third pillars, which pertain to the hydrodynamic forcing
and the associated morphodynamic timescales, respectively. We
present our framework based on the convolutional foundation laid
by Kriebel and Dean (1993) (50) and later expanded upon by
Vitousek et al. (2025) (51), expressed as:

Y (t) = [K ∗ F ] (t) =
∫ t

t0

K(t − τ)F (τ) dτ, [4]

where K and F , respectively, denote our memory window
(hereafter referred to as the kernel function) and the forcing
function. These functions can be uniquely defined for each
shoreline variability component (mode) presented. In theory, the
mode-specific kernel function convolves with its corresponding
forcing function (over a time scale τ) to reproduce the variability
of that specific mode in the historical shorelines during the t − t0
period. Essentially, the kernel function assigns a particular weight
to antecedent external forcing conditions prior to an arbitrary
time (i.e., t − τ) to estimate the shoreline position associated with
that specific mode at time t.

We adopt the functional form of a Gamma distribution as the
kernel function in our convolutional framework, which has the
following form:

K(x) =
xk−1e− x

θ

θkΓ(k)
. [5]

In this kernel function, θ and k are the scale and shape parameters
of the Gamma distribution, and Γ(k) is the Gamma function, where
for all positive integers of k, Γ(k) = (k − 1)!. In our applications,
the variable x of the kernel function is replaced by the effective
time span by incorporating the characteristic time scale τ , i.e.,
t − τ . Adopting this Gamma-shape form offers functions that
are not provided by the exponential decay-like kernel function
identified by Vitousek et al. (2025) (51). Most importantly, this
kernel function is inherently a two-parameter function (i.e., θ
and k), enhancing its versatility in the kernel’s shape. It can be
regarded as a generalization of the exponential decay-like PDF,
which is fundamentally a one-parameter function, implying that a
Gamma-shape kernel can accurately replicate a specific exponential
decay-like kernel. This shape versatility becomes meaningful when
modeling various modes of shoreline position variability. The kernel
function facilitates the allocation of weights to antecedent forcing
conditions, which, unlike an exponential decay-like kernel, may not
necessarily emphasize the most recent conditions; in other words,
it can incorporate a delay between specific hydrodynamic forcing
and geomorphological response. Refer to SI for more details on
the properties of the Gamma distribution kernel function. In the
following subsections, we outline the forcing and kernel functions for
each mode of shoreline variability presented in Eq. 3 individually.
All forcing and kernel functions are constructed on a daily time step,
thereby generating the corresponding shoreline position variability
at the same temporal resolution.

Seasonal cross-shore component. A seasonal shoreline fluctuation
is a prominent signal in the cross-shore component of shoreline
variability (which accounts for ∼70% of the total variability on
average). Historically, reproducing this signal has been the primary
objective of many shoreline change models, particularly equilibrium-
based ones, which adhere to the principle that sandy beaches
typically erode during large wave event seasons and subsequently
recover during periods of smaller wave seasons (110). Recent
studies focusing on the PNW have reported that the coastal
dynamics in this region are predominantly wave-dominated (e.g.,
refs. (5, 61)). Driven by extratropical storms traversing the PNW,
this region experiences one of the most energetic wave climates
globally, with winter storms often generating very large deep-water
wave heights exceeding 10 meters (e.g., ref. (111)). Taherkhani et
al. (2026) (56) corroborate this finding, revealing that erosional
shoreline position anomalies across the PNW are largely driven by
a major increase in wave energy during those events. Building on
these findings, as well as refs. (51, 109), we utilize the rate of change
of wave energy anomaly (or disequilibrium) as the hydrodynamic

forcing (FCS) in our convolutional framework for modeling the
seasonal cross-shore component of shorelines, represented as:

FCS(t) =
d

dt

H2
s (t) − H̄2

s

H̄2
s

, [6]

where H̄s denotes the average (equilibrium) significant wave
height (in meters) during 1984-2024. Subsequently, by following
the convolutional framework delineated in Eqs. 4 and 5, the
seasonal cross-shore component of shoreline variability (YCS) can
be modeled as:

YCS(t) = [KCS ∗ FCS ] (t)

=
∫ t

0
KCS(t − τ)FCS(τ) dτ

=
∫ t

0

−ACS(t − τ)kCS−1e
− t−τ

θCS

θ
kCS
CS Γ(kCS)

×
d

dτ

H2
s (τ) − H̄2

s (τ)
H̄2

s (τ)
dτ.

[7]

Here, the variable ACS represents the kernel’s amplitude,
essentially encompassing the product of all relevant coefficients
and constants. The negative sign associated with ACS highlights
the inverse relationship between the wave-induced forcing and the
shoreline position, indicating that an increase in FCS corresponds
to erosional behavior (i.e., shoreline recession). The kernel (KCS)
relies on four intrinsic parameters: ACS (amplitude), kCS (shape
parameter), θCS (scale parameter), and τCS (the time-span
over which KCS applies). These parameters are optimized for
individual transects by comparing and calibrating the modeled
seasonal cross-shore component of the shorelines with its observed
counterpart. The observed component is derived by applying a
high-pass filter to mode 1 (mode 2 for Long Beach littoral cell)
of the EOF analysis on detrended historical shorelines. This
high-pass, 4th-order Butterworth filter, with a cutoff return period
of 3 years, ensures that only close-to-annual signals are preserved
in the observed data. We detail the specifics of optimizing these
four parameters in the upcoming sections.

Using the time derivative of wave-induced forcing, rather
than wave energy disequilibrium directly, is motivated by several
physical considerations. Most notably, the derivative emphasizes
rapid changes in wave energy (e.g., transient ramps and pulses)
rather than absolute levels because rapid fluctuations are more
effective at mobilizing sediment and driving shoreline response
(e.g., refs. (112–114)). This formulation naturally suppresses
constant or slowly varying anomalies that have little effect near
equilibrium. The derivative also mitigates long-term drift and bias,
keeping the model sensitive to the rate and timing of wave energy
fluctuations rather than their absolute magnitude. Together, the
derivative-based forcing and the kernel’s transfer function yield a
stable, lagged response consistent with the equilibrium-convolution
framework. Refer to SI for additional details.

Interannual cross-shore component. We account for the influence
of both waves and water levels when modeling the interannual
variability of the cross-shore component in shoreline positions.
Although the morphodynamics of PNW beaches are predominantly
wave-dominated, water level variability plays an integral role in
shaping the interannual variation of shorelines along the sandy
beaches of the PNW (111, 115), as observed in other coastal
settings (e.g., ref. (76, 116)). Almar et al. (2023) (117) and
Taherkhani et al. (2026) (56), using different methodologies
and water level datasets, demonstrated that interannual water
level anomalies are a major contributor to interannual shoreline
variability across the region. These variations can be substantial,
particularly when large-scale climate patterns such as ENSO are
at play. For example, during strong El Niño winters, monthly
mean sea level anomalies can remain elevated for weeks to months,
often adding tens of centimeters above typical tide levels. This
increased background elevation, when combined with winter storm
waves, substantially contributes to erosion and shoreline mobility
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(88, 115–117). Moreover, waves can act as a secondary modifier in
modulating seasonal-to-interannual water levels, with wave runup
contributing notably to the variability of extreme Total Water
Levels, that is, the superposition of Still Water Levels (SWLs; i.e.,
historical tide gauge data, which mainly consist of astronomical
tides and non-tidal residuals (i.e., seasonal cycles, monthly mean
sea level anomalies, and storm surge) and wave runup (88).

We define the forcing related to the interannual cross-shore
component of shorelines by integrating SWLs and wave effects
(specifically, wave setup while excluding wave swash to omit
very high-frequency variability), referred to as Dynamic Still
Water Levels (DSWLs). By applying a wave setup estimation for
dissipative beaches (118) and considering the time rate of change
in these hydrodynamic factors, we characterize the hydrodynamic
forcing (FCI) to be incorporated into the convolutional framework
as follows:

FCI(t) =
d

dt

(
ηDSW L(t)

)
LP

=
d

dt

(
ηSW L + 0.016

√
gH0T 2

p

2π

)
LP

.

[8]

Here, g is the gravity constant (9.81 m s−2), H0 and Tp, respec-
tively, represent the deep-water significant wave height (in meters)
and peak wave period (in seconds), and subscript LP signifies the
application of a low-pass, 4th-order Butterworth filter with a cutoff
return period of 3 years on the superposition of SWLs and the
setup. This filtering ensures that only interannual modulations
in these components are preserved, manifesting as interannual
fluctuations in cross-shore shoreline positions, as hypothesized by
previous scale-adaptive efforts in shoreline change modeling that
shoreline variations at a specific temporal scale can be predicted
via drivers exhibiting similar temporal fluctuations (76). Finally,
we define our forcing term by taking the time derivative of this
low-frequency superposition of SWLs and the setup for the reasons
mentioned earlier. In alignment with the convolutional framework
used for the seasonal cross-shore component (i.e., Eq. 7), the
interannual cross-shore variability of shoreline positions (YCI) is
modeled as:

YCI(t) = [KCI ∗ FCI ] (t)

=
∫ t

0
KCI(t − τ)FCI(τ) dτ

=
∫ t

0

−ACI(t − τ)kCI −1e
− t−τ

θCI

θ
kCI
CI Γ(kCI)

×
d

dτ

(
ηSW L + 0.016

√
gH0T 2

0
2π

)
LP

dτ.

[9]

The additional variable ACI , similar to its seasonal counterpart,
denotes the amplitude of the kernel used here. For each transect,
the four parameters inherent to the kernel (KCI), namely, ACI

(amplitude), kCI (shape parameter), θCI (scale parameter),
and τCI (effective time span of KCI), are optimized to best
reproduce the observations. This is accomplished by calibrating the
modeled interannual cross-shore component of shorelines against
its observed counterpart, defined as the difference between mode
1 (mode 2 for Long Beach littoral cell) of the EOF analysis on
detrended historical shorelines and its high-pass-filtered version,
which isolates and removes the seasonal component of cross-shore
shoreline variability. This approach ensures that only interannual-
to-interdecadal signals are retained in the observed data.

Alongshore component. Alongshore variability in shoreline position,
often attributed to gradients in longshore sediment transport,
has been extensively investigated along the sandy beaches of the
PNW. Several studies, e.g., refs. (5, 57, 65, 119), have aimed
to monitor and model this geomorphological variability over
limited segments of these beaches. Dominated by wave activity,
particularly fluctuations in incident wave angles on seasonal to

interannual scales, the alongshore migration of shorelines emerges
as a key pattern in shoreline position variability across the PNW.
Taherkhani et al. (2026) (56) found that, on average, alongshore
shoreline migration accounts for approximately 21% of historical
shoreline variability, representing the superposition of modes
2 and 3 (modes 1 and 3 for Long Beach littoral cell) derived
from the EOF analysis of detrended historical shorelines during
1984–2024. This alongshore variability is especially pronounced
along the Columbia River Littoral Cell (CRLC), encompassing
Clatsop, Long Beach, Grayland Plains, and North Beach littoral
cells (or sub-cells) in northern Oregon and southern Washington.
Expanding on the findings of Anderson et al. (2018) (5) and
Stevens et al. (2024) (61), Taherkhani et al. (2026) (56) observed
a statistically significant influence of large-scale climate patterns
in the Pacific Basin, namely, ENSO and PDO, on the interannual
variability of alongshore shoreline migration across nearly all
littoral cells in the PNW. Hence, incorporating this pattern of
shoreline variability into our modeling framework is crucial.

Taherkhani et al. (2026) (56) revealed that in addition
to the pronounced seasonal variability in incident wave angles,
wave energy flux (W EF ) exerts a statistically significant driving
influence on the alongshore component of shoreline positions over
interannual time scales. Thus, to establish our forcing function here,
we adopt the Kamphuis formula (120) to quantify the longshore
sediment transport flux (Q), expressed as:

Q = K0H2
s T 1.5

p sin0.6(2α), [10]
where K0 is a transect-specific constant, Hs denotes the
near-breaking significant wave height, Tp represents the peak
wave period, and α signifies the instantaneous relative angle
between incoming waves and the shoreline orientation at a specific
transect. The Kamphuis formula offers physical advantages over
the commonly used CERC formula (121) by: (1) incorporating
the modulation of the relative wave angle (α) effect through both
significant wave heights (Hs) and peak wave periods (Tp), i.e.,
Q ∝ H2

s T 1.5
p , rather than relying solely on Hs as in the CERC

formula (Q ∝ H2.5
s ); and (2) being approximately proportional

to the wave energy flux (i.e., W EF ∝ H2
s Tp =⇒ W EF ∝

∼
Q),

which has been identified as a key driving factor in the interannual
alongshore variability of shorelines, particularly near littoral cell
boundaries.

Various aspects must be considered when determining the
relative angle between instantaneous incident waves and shoreline
orientation (i.e., α). First, at an arbitrary transect, if we estimate
the shoreline angle (orientation) simply as the reference, static
shoreline’s angle (Refer to SI for details), it might not accurately
represent the average shoreline angle at that transect during any
given period, thereby introducing an inherent error. Moreover, the
incident wave angles may contain errors as they are derived from a
bulk wave hindcast product (79, 80). Additional errors could also
be introduced through the wave propagation technique we have
utilized. Accordingly, it is crucial to account for the accumulation of
these potential errors in estimating the relative angle, particularly
because one-line longshore transport models are known to be highly
sensitive to even small shifts in relative wave angles (61, 81). To
address this, we introduce a residual relative wave angle (αr)
that can be added to the initially estimated relative wave angle
(α)—which is derived from the difference between the incident wave
angles and the reference shoreline’s angle—where Eq. 10 becomes
Q = K0H2

s T 1.5
p sin0.6(2(α + αr)), with αr as a variable that is

optimized. Analogous to the seasonal and interannual components
of the cross-shore shoreline positions, building on the insights
of Turki et al. (2013) (122) and Jaramillo et al. (2021) (123),
we describe the forcing associated with the alongshore shoreline
variability (FAl) as the change rate of the longshore sediment flux
anomaly, given as:

FAl(t) =
d

dt

Q(t) − Q

Q
, [11]

where Q̄ denotes the average (equilibrium) alongshore sediment
transport flux during 1984-2024. In line with the previously
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introduced convolutional frameworks (i.e., Eqs. 7 and 9), we
model the alongshore variability in shoreline positions (YAl) as:

YAl(t) = [KAl ∗ FAl] (t)

=
∫ t

0
KAl(t − τ)FAl(τ) dτ

=
∫ t

0

−AAl(t − τ)kAl−1e
− t−τ

θAl

θ
kAl
Al

Γ(kAl)
d

dτ

Q(τ) − Q

Q
dτ.

[12]

In compliance with the procedure applied for YCS and YCI , the
five parameters in YAl—comprising four inherent to the kernel
(KAl): AAl (amplitude, absorbing the Kamphuis constant [K0]),
kAl (shape parameter), θAl (scale parameter), and τAl (effective
time-span of KAl), and one parameter within the forcing function
(i.e., αr)—are optimized to ensure that the modeled alongshore
component optimally aligns with its observed counterpart. This
observed shoreline change signal reflects the superposition of modes
2 and 3 (modes 1 and 3 for Long Beach littoral cell) derived from
the EOF analysis of the detrended historical shoreline positions.
In the following sections, we detail the specifics related to the
optimization of these five parameters pertinent to the alongshore
variability of shoreline positions.

Interdecadal cross-shore component. Long-term (interannual-
interdecadal) variations in hydrodynamic forcing, i.e., wave
climate and sea level variability, are vital considerations when
modeling shoreline evolution at interdecadal time scales (10-100
years). Yet, notable uncertainties emerge regarding future
variability in wave climate within this region (93, 124). Also,
it is well-established that waves largely influence Total Water
Levels (TWLs), subsequently affecting sediment mobilization and
shoreline evolution (60), although this impact predominantly
manifests at shorter time scales (i.e., seasonal-interannual)
rather than interannual-interdecadal periods, assuming no
consistent increase/decrease in wave heights and peak wave
periods. Nevertheless, the consistent yet consequential (125, 126)
rise in sea levels directly affects shoreline positions, occurring
over interdecadal time scales. The Bruun rule (127), which
characterizes shoreline equilibrium shifts solely in response to long-
term sea level variations, has been extensively used in modeling
the influence of sea level rise on shoreline evolution. Despite its
widespread use, it has been widely criticized for its simplifying
assumptions, including a constant depth of closure and shore-
parallel nearshore bathymetric contours, as well as its failure to
account for wave climate changes and human interventions (82–84).

We model shoreline evolution on scales of decades to a
century, driven by long-term relative sea level variability using the
convolutional framework previously established for modeling other
components of shoreline variability. Analogous to the interannual
cross-shore component, we define the forcing (FRSLR) driving
interdecadal cross-shore shoreline variation as

FRSLR(t) =
d

dt
ηRSLR(t). [13]

The ηRSLR utilized here represents the interdecadal trend in
historical SWL values (derived from tide gauge stations), calculated
as the difference between unaltered and detrended SWLs. Notably,
these SWLs effectively indicate the local relative sea level rise,
representing a linear combination of vertical water motion rates
influenced by factors such as glacier and ice cap melting, along
with regional processes including variations in Earth’s gravitational
field and vertical land motion (VLM) (55, 60). The interdecadal
cross-shore variation in shorelines (YRSLR) is modeled within the
convolutional framework as follows:

YRSLR(t) = [KRSLR ∗ FRSLR] (t)

=
∫ t

0
KRSLR(t − τ)FRSLR(τ) dτ.

[14]

Nevertheless, recognizing the accelerating nature of sea level rise
based on historical observations, it is conventional to approximate

ηRSLR as a second-order polynomial trend (128) under the
assumption of a constant acceleration rate over shorter periods
(Refer to, e.g., ref. (129)). Given that premise, Eq. 7 can be
refined to the extent (Refer to SI for details) that it analytically
reproduces the Bruun rule, given as:

YRSLR(t) = −CRSLR

∫ t

0

d

dτ
ηRSLR(τ) dτ

= −
1

tan β
ηRSLR(t),

[15]

where CRSLR is a site-specific constant, incorporating the effect
of the local shoreface slope (tan β, i.e., the slope extending
approximately from the average shoreline positions during 1984-
2024 to the depth of closure on each transect). In favor of
simplifying the optimization process for all components of shoreline
variability and minimizing the complexity, we utilize the simplified
Bruun rule, as illustrated in Eq. 15, to model the interdecadal,
sea level rise-induced cross-shore shoreline variation across the
PNW, given its satisfactory performance in previously developed
hybrid shoreline evolution models for California (e.g., refs. (32, 33))
and the PNW (e.g., ref. (67)) applications. CRSLR is assessed
(outside of our optimization process) by integrating the effect of
shoreface slopes (tan β), allowing relative sea level trends (derived
from tide gauge data) to be directly represented in the interdecadal
movements of shoreline positions.

Residual trends. Given that our convolutional framework encom-
passes various components of shoreline variability across multiple
temporal scales, it is essential to incorporate interannual-to-
interdecadal trends in shoreline positions that cannot be explicitly
estimated or modeled, primarily due to the complicated/unknown
nature of the various physical mechanisms influencing these
trends. Multiple factors, including fluvial- and/or shoreface-
induced sediment sinks and sources, beach nourishment, aeolian
sediment transport, bluff erosion, and headland sediment bypassing,
can contribute to these residual trends (Refer to, e.g., refs. (32, 33)).
Thus, we implicitly approximate this residual trend (YR), assuming
a constant trajectory over a multi-decadal time frame. This is
achieved by evaluating the difference between the multidecadal
trend (spanning 40 years; 1984-2024) in the observed shoreline
position (Yobs,trend) and the relative sea level rise-induced shifts
in the modeled shoreline position (YRSLR) time series at each
transect, expressed as:

YR(t) = Yobs,trend(t) − YRSLR(t). [16]

Optimizing individual components of the modeled shoreline position
variability. We optimize all 13 parameters introduced for the various
components of shoreline variability (i.e., YCS , YCI , and YAl)
across the PNW to calibrate our model against observations
between 1984 and 2024. To this end, we individually calibrate
each component by leveraging the prominent modes (patterns) of
observed shoreline variability—which, on average, account for over
90% of the variability—obtained from the EOF analysis of historical
shoreline positions (Refer to ref. (56)). This procedure ensures
that all three pillars previously established for implementing our
PNW-tailored shoreline change model are met.

Performance metrics and loss function. Following established
methodologies from recent shoreline change modeling studies (e.g.,
refs. (31, 37, 75)), we evaluate our model’s performance using
four widely used statistical metrics: (1) Root Mean Square Error
(RMSE), (2) Pearson correlation coefficient (Corr), (3) standard
deviation (ST D), and Mielke’s index (λ) (130) between modeled
and observed shoreline positions. The Root Mean Square Error
(RMSE) is defined as:

RMSE =

√√√√ 1
n

n∑
i=1

(
yi − ŷi

)2
, [17]

the Pearson correlation coefficient (Corr) as:
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Corr =

n∑
i=1

(
yi − ȳ

)(
ŷi − ŷ

)
√

n∑
i=1

(
yi − ȳ

)2

√
n∑

i=1

(
ŷi − ŷ

)2

, [18]

the standard deviation (ST D) as:

STD =

√√√√√ n∑
i=1

(
yi − ȳ

)2

n
, [19]

and Mielke’s index (λ) as:

λ = 1 −

1
n

n∑
i=1

(
yi − ŷi

)2

STD(y)2 + STD(ŷ)2 +
(

ȳ − ŷ
)2

+ κ
, [20]

where

κ =


0, Corr ≥ 0,

2
n

∣∣∣ n∑
i=1

(
yi − ȳ

)(
ŷi − ŷ

)∣∣∣, otherwise.
[21]

In the above, n is the number of paired data points, yi and
ŷi are the i-th observed and modeled shoreline positions, and ȳ

and ŷ are their respective means over the calibration or validation
period. STD(y) and STD(ŷ) denote the standard deviations of
the observed and modeled time series, respectively. Mielke’s
index, similar to Corr, is dimensionless and ranges from 0 (no
agreement) to 1 (perfect agreement) between the modeled and
observed time series. This index provides a more comprehensive
statistical framework that accounts for variance, bias, and
correlation direction, making it potentially more informative. The
first three metrics (RMSE, Corr, and ST D) can be illustrated in
a unified Taylor diagram (131), which provides a holistic visual
representation of the model’s performance at a specific transect
(e.g., ref. (39)).

The optimization objective in our convolutional framework
is to tune kernel functions (alongside the residual relative wave
angle (αr)) that ensure their unique shapes for each component
of shoreline position variability, which, when convolved with the
corresponding forcing function, accurately replicate the observed
shoreline position. This essentially necessitates the optimization
of the Pearson correlation coefficient (Corr) between the modeled
and observed time series. Consequently, we first optimize the
parameters (except for the amplitude, A) by formulating the Loss
Function (L) so that its minimization ensures the maximization of
Corr:

L = |1 − Corr|. [22]
Following that, we rescale the modeled time series by adjusting the
amplitude (A) for each component of shoreline position variability.
This is accomplished by equating the standard deviations of
the modeled and observed shoreline positions, i.e., ST Dmod and
ST Dobs, respectively, or simply:

NST D =
ST Dmod
ST Dobs

→ 1, [23]

where NST D denotes the normalized standard deviation. No
optimization is implemented here since A is derived via direct
analytical computation.

To reliably gauge a model’s true hindcasting and predictive
capability, it is standard procedure to assess model performance
on a separate (split), independent validation period instead of the
calibration (training) period (e.g., ref. (132)). Nonetheless, the
subjectivity inherent in these frameworks, such as the durations of

the calibration and validation periods used, introduces a degree
of uncertainty/subjectivity in the achieved performance metrics
(133). Proposed splitting approaches range from calibrating on all
available data (134) to using as few as 2–7 years for seasonal
variability (77). To facilitate the comparison of our models’
performance relative to others, we allocate the initial three-quarters
of the 40-year historical data (1984-2014) for calibration and the
subsequent quarter (2014-2024) for validation.

Optimization problem and algorithm. The optimization problem,
which is to minimize our objective function, i.e., the Loss function
(L), for individual components of modeled shoreline variability, is
outlined as:

min
p∈RN

L(p)

subject to lbi ≤ pi ≤ ubi, i = 1, . . . , N.
[24]

In this optimization problem, we optimize the vector of parameters
(p) within the convolutional framework (excluding the amplitude,
A) for each component of shoreline variability. For example, in the
case of the alongshore component (YAl, Eq. 12), we aim to optimize
the four parameters (i.e., N = 4) in p (p = [kAl, θAl, τAl, αr]), with
each parameter (pi) constrained by a specific, user-defined lower
bound (lbi) and upper bound (ubi) based on physical justifications.

The constrained optimization problem delineated in Eq. 24
is non-convex for several reasons, including (but not limited to):
(1) the convolutional framework adopted, where non-polynomial
and non-affine dependence on these parameters creates a mapping
from parameters to model outputs, introduces a highly nonlinear
relationship between the optimizable parameters and the modeled
shoreline positions, and (2) due to these nonlinear interactions,
the Loss function (L; Eq. 22) is anticipated to exhibit several local
minima throughout its landscape. To alleviate this potential issue
in our constrained optimization problem, we adopt the AdamW
(135) optimization algorithm. This gradient-based algorithm (26),
by incorporating enhancements to its predecessor, i.e., Adam (136),
is presently an extensively used and reliable default option for train-
ing state-of-the-art deep neural networks across various domains.
Some features, including improved weight decay implementation
and momentum-based parameter updates, render this method
efficient in convergence and stable during the optimization process.
In our AdamW architecture, we use the following hyperparameters:
learning rate of α = 0.001, first-moment exponential decay rate of
β1 = 0.9, second-moment exponential decay rate of β2 = 0.999,
numerical stabilizer of ϵ = 10−8, and weight decay of λ = 0.01
with a maximum of 3000 optimization iterations (epochs). We
additionally implement random seeding of initial parameters in
our optimization process, meaning that for each parameter (pi),
we start the optimization with 10 random initial values between
its user-defined lower bound (lbi) and upper bound (ubi). This
reduces the likelihood of converging to unfavorable local minima
of the Loss function (L) during the optimization of each modeled
shoreline variability component for individual transects.

Uncertainty quantification. A fully propagated uncertainty analysis
would require independent error estimates for satellite-derived
shorelines, wave forcing, and water levels at every transect.
Satellite-derived shoreline uncertainty (∼16.7 m) is quantified
only at the small fraction of transects where lidar/GPS ground
truth is available (∼1% of transects, concentrated in patches across
central Oregon, northern Oregon, and southern Washington; refer
to ref. (56) for details), and cannot be reliably generalized across
all 10,599 transects spanning diverse littoral cells. Similarly, wave
and water level forcing uncertainties have not been independently
characterized for this region. We therefore adopt an indirect
approach that aims to capture the combined effect of data and
model (data+model) uncertainty without requiring explicit error es-
timates for each input source. To this end, we adopt Autoregressive
(AR) modeling to characterize the temporal structure of hindcast
residuals and generate probabilistic uncertainty bands. For each
component i ∈ {CS, CI, Al} at each transect, the residuals between
observed and modeled shoreline positions are normalized by the
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calibration-period RMSE as:

ϵi(t) =
yi(t) − ŷi(t)

RMSEi
, [25]

where yi(t) and ŷi(t) are the observed and modeled shoreline
positions, respectively. An AR(l) model is then fitted to the
normalized residuals ϵi(t) as:

ϵi(t) =
l∑

k=1

ϕk ϵi(t − k) + η(t), η(t) ∼ N (0, σ2), [26]

where ϕk are the autoregressive coefficients, η(t) is a random per-
turbation term, σ2 is the variance of the random perturbation term
estimated during the AR fitting procedure, and the model order l
is selected by minimizing the Akaike Information Criterion (AIC),
which penalizes model complexity. This step captures the temporal
autocorrelation structure of the residuals, effectively distinguishing
the approach from simply adding random perturbation (white
noise) to the hindcast. An ensemble of 100 stochastic realizations
is then generated by driving the fitted AR model with random
white noise and rescaling by the calibration RMSE via:

ŷ
(b)
i (t) = ŷi(t) + RMSEi · ϵ̃

(b)
i (t), b = 1, . . . , 100, [27]

where ϵ̃
(b)
i (t) is a synthetic residual time series produced by filtering

independent N (0, σ2) draws through the estimated AR coefficients.
The 95% uncertainty bands are obtained as the 2.5th and 97.5th
empirical percentiles across the ensemble:

ŷ2.5
i (t) = P2.5

[
ŷ

(b)
i (t)

]
, ŷ97.5

i (t) = P97.5

[
ŷ

(b)
i (t)

]
. [28]

This procedure is applied independently to each component at
each transect. The total shoreline position uncertainty is obtained
by summing the component-level ensembles before extracting
percentiles, thereby preserving inter-component interactions in the
tails of the distribution. We also tested an Autoregressive Moving
Average (ARMA) model with Bayesian Information Criterion
(BIC)-based order selection, which produced negligible differences
in the resulting uncertainty bands compared to AR (results not
shown), supporting the use of the simpler AR formulation. For
low-frequency components (e.g., cross-shore interannual), strong
autocorrelation in the AR model can cause synthetic residuals
to drift, producing unrealistically wide uncertainty bands. We
therefore limit the ensemble perturbations to ±2RMSE, which
is slightly more conservative than the ±1.96RMSE expected
for a 95% interval under the assumption of normality (i.e., the
residuals being fairly normally distributed around zero). This
ensures physically plausible bounds while preserving the temporal
structure of the residuals. This empirical approach implicitly
captures multiple interacting data+model (often termed epistemic)
uncertainty sources, including forcing data errors, satellite-derived
shoreline measurement uncertainty, unresolved physical processes,
and parameter optimization limitations, without requiring their
individual quantification (e.g., refs. (33, 137, 138)). Uncertainty
bands for the relative sea level rise- and residual-induced trend
components (YRSLR and YR) are estimated separately via block-
bootstrapping (nine blocks of approximately equal length, with
replacement) of the historical still water level and shoreline position
time series, respectively.

Limitations. Our modeling effort faces multiple limitations,
primarily associated with uncertainties in shoreline position
data (1984-2024) used for calibration and validation of the
hindcast shorelines. Landsat missions operate at relatively low
resolution (30 m/pixel—15 m/pixel pan-sharpened), resulting in a
positional RMSE of ∼16.7 m after corrections (for hydrodynamic
contributions, outliers, and residual biases) (27, 126). This error
margin, though satisfactory compared to other coastal regions
(e.g., refs. (33, 139)), remains relatively high given the PNW’s
energetic wave climate and predominantly low-sloping beach
morphology (140). Furthermore, the temporal resolution of the
satellite-derived data diminishes pre-1999, when observations
relied solely on Landsat 5. Also, the scarcity of datum-based
shoreline positions (lidar- and GPS-derived data) limits most

transects to merely 2-3 lidar data points, substantially reducing
correction accuracy compared to the negligible fraction (∼1%)
of transects with several (≥10) datum-based shoreline position
measurements (27, 28). As widely recognized, uncertainties in the
data immediately translate into uncertainties and errors in the
modeling results (e.g., refs. (28, 33, 37)). Thus, as a data-driven
framework, our model can only achieve hindcasting accuracy
commensurate with the quality of the observed data.

A related limitation is the propagation of errors among EOF
modes of shoreline position variability. Because our modeled
components rely on these modes, inaccuracies in the modes
propagate directly into hindcast errors. This misplacement of
variability from one EOF mode to others (known as “mode
mixing”) arises because real-world coastal processes interact
nonlinearly, whereas EOF, as a purely statistical technique,
enforces orthogonal decomposition that cannot fully represent
these interactions (75, 141, 142). Although the orthogonality
feature efficiently distinguishes between two well-documented
modes of shoreline position variability (i.e., cross-shore and
alongshore) across the PNW, it may inadequately capture the
PNW’s complex morphodynamics (e.g., ref. (54)), particularly
when localized unresolved processes (e.g., sinks and sources of
sediment) are in play. For simplicity and interpretability, we
use only the top 3 EOF modes. While these modes account
for the most (∼91%) of variability in shorelines on average
(Refer to ref. (56)), the omission of lower-ranked modes (which
collectively account for ∼9% of variability on average) introduces
an additional source of error in our modeling results, potentially
missing localized variability.

Our framework treats each component of shoreline position
change independently, optimizing on a transect-by-transect basis
without explicitly incorporating spatial proximity effects or
conserving sediment mass. While this is a recognized trade-off
in reduced-complexity shoreline modeling (13, 31), it means that
processes such as alongshore sediment redistribution between
adjacent transects are not explicitly resolved. We also acknowledge
that representing a three-dimensional morphodynamic system
through a single shoreline proxy (one-dimensional in space) limits
the framework’s ability to resolve cross-shore profile changes,
as shoreline position is only loosely coupled to total sediment
volume (143). However, these are shared limitations of most
shoreline-focused reduced-complexity models and do not uniquely
affect our framework.

Optimizing 13 parameters on a transect-by-transect basis
introduces a substantial degree of equifinality, whereby different
parameter sets produce nearly identical hindcast performance
(144). This behavior is observed across repeated optimization
runs (results not shown), and is particularly concerning for lower-
frequency components (e.g., the cross-shore interannual mode),
where limited effective cycles make it harder to distinguish between
competing parameter sets. To account for the resulting parameter
uncertainty, we use a conservative uncertainty quantification
procedure (outlined in the Uncertainty quantification section).
Equifinality further underscores the need for stochastic, ensemble
approaches in long-term coastal morphodynamic projections (144).

Lastly, hydrodynamic datasets introduce uncertainty in both
the forcing functions and the corrections applied to satellite-derived
shoreline positions (Refer to ref. (56)). The CSIRO wave bulk
parameter dataset (145, 146), as a hindcast product, contains
inherent uncertainties from spatiotemporally sparse or error-prone
buoy calibration data (79, 80). Also, the water level time series,
despite retaining only stations with >90% data coverage during
1984-2024, required imputation of missing values using multi-year
averages. This interpolation methodology introduces additional
errors in the water level time series used across all transects,
particularly since the source tide gauge stations (71, 147) are
situated in geographically distant coastal environments, potentially
failing to precisely capture localized hydrodynamic conditions.
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These input uncertainties collectively propagate through the
convolutional framework, affecting hindcast accuracy across the
PNW.
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Supporting Information Text20

Spatial coverage and discretization. Building upon the methodology established by ref. (1), Taherkhani et al. (2026) (2)21

constructed shore-perpendicular transects at 50-m alongshore intervals throughout the U.S. Pacific Northwest (PNW) coastline.22

From an initial compilation of approximately 15,000 transects spanning the PNW’s outer coast, a rigorous selection process was23

implemented to ensure data quality and consistency. Only those transects were retained that met specific criteria: sandy beach24

segments extending several hundred meters alongshore, a minimum of 2 lidar-derived shoreline positions, and at least 160 and25

96 satellite-derived shoreline positions during the 1984-2024 and 1984-1999 periods, respectively. This systematic screening26

process yielded 10,599 qualified transects distributed across 22 pre-defined sandy beach-dominated littoral cells across the27

PNW (3). The coastal segment between La Push and Neah Bay in northern Washington was excluded from our hindcasting28

analysis due to the relative quality degradation of satellite-derived shoreline data in this region. For additional methodological29

details, refer to Taherkhani et al. (2026) (2).30

Historical wave, water level, and shoreline data. For our modeling effort, we utilized the CSIRO wave hindcast product (4, 5),31

which provides hourly wave triplets (significant wave heights, peak wave periods, and wave direction) on a global rectangular32

grid. This product has been rigorously validated against buoy observations and altimeters, demonstrating satisfactory results33

(6, 7). Our analysis incorporated hourly wave triplets from 17 deep water nodes situated in close proximity to the PNW34

coastline for the 1984-2024 period. To approximate breaking point wave conditions, we downscaled the deep water wave35

conditions to the 20-m depth contour using pre-developed lookup tables (8) as a SWAN model (9) surrogate. We then projected36

the daily averages of these propagated wave triplets onto our 50-m spaced alongshore transects. Additionally, we obtained37

historical water level data for our analyses from NOAA tide gauge stations (10) along the PNW coastline through the NOAA38

API service (11). Time series of daily water levels were assigned to each transect based on proximity to the nearest tide gauge39

station. We acknowledge the inherent limitations of this dataset, particularly regarding the spatial distribution of tide gauge40

stations across diverse and distant coastal environments, despite our methodology prioritizing stations with high data coverage41

(>90%) and using temporal averaging for data imputation.42

43

Our analyses incorporated shoreline position data from three distinct sources: Earth-observing satellite imagery, airborne44

lidar surveys, and ground-based GPS surveys. Over 99% of shoreline positions are derived from Landsat 5, 7, and 8 missions’45

imagery acquired between 1984 and 2024 (12) using the CoastSat toolbox (13). We supplemented these with spatially high-46

resolution lidar surveys conducted in 2002 (14), 2009-2011 (15), and 2016 (16), which provided datum-based shoreline positions47

at the mean high water (MHW) level, approximately the 2.1 m North American Vertical Datum 1988 (NAVD88) elevation (3).48

Further enhancing our dataset, GPS-derived shoreline positions (also MHW position-based) have been collected seasonally49

to annually along select Oregon and Washington beaches since 1997 (17, 18) at an alongshore spacing of approximately 1-350

km. Both lidar and GPS measurements provide sub-meter horizontal accuracy (3). Notably, the shoreline positions derived51

from satellites serve as a visual proxy for standardized datum-based shoreline positions and may not precisely align with52

datum-based measurements, necessitating rectification for potential outliers, hydrodynamic contributions, and biases. Building53

upon and refining the methodology proposed by Graffin et al. (2023) (19) for the Columbia River Littoral Cell (CRLC) in54

northern Oregon and southern Washington, and utilizing available datum-based shoreline positions, Taherkhani et al. (2026) (2)55

corrected the raw satellite-derived shoreline positions for hydrodynamic contributions and biases throughout the entire PNW.56

For comprehensive details regarding historical wave, water level, and shoreline data utilized and the correction methodology for57

satellite-derived shoreline positions, refer to Taherkhani et al. (2026) (2).58

Determining the dominant modes of historical shoreline variability. As detailed by Taherkhani et al. (2026) (2), Empirical59

Orthogonal Function (EOF) analysis (20) was used to examine the dominant patterns of shoreline position variability along the60

PNW coast via a MATLAB toolbox (21). This approach was guided by the established understanding that adjacent littoral61

cells function as distinct systems with minimal sediment exchange between them (3). Accordingly, the EOF framework was62

applied independently within each littoral cell. This method enabled identification and characterization of the primary 10063

modes of shoreline position variability within each distinct littoral cell system. Fig. S1 provides a visual representation of the64

top three EOF modes and their corresponding variability explained across the PNW, as well as within individual littoral cells.65

Spectral characteristics of the utilized Kernel (K) and Forcing (F ) functions in our convolutional framework. As described in66

the main text, the general form of shoreline position variability in our convolutional framework is defined as:67

Y (t) =
∫ t

t0

−A
(
t − τ

)k−1
e− t−τ

θ

θ k Γ(k) F (τ) dτ. [1]68

Utilizing spectral analysis is advantageous for revealing potential effects of convolving distinct Forcing functions with Kernel69

functions, particularly regarding how the form of the Kernel function may modify the Forcing function upon convolution, which70

is demonstrated in the shoreline position response. Evaluating the Fourier transform of both sides of Eq. 1, it will turn into:71

F {Y (t)} = F

{∫ t

t0

−A(t − τ)k−1e− t−τ
θ

θkΓ(k) F (τ)dτ

}
. [2]72
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Note that the Fourier transform of the convolution of two functions is equal to the multiplication of the Fourier transform of73

each of them:74

Ŷ (ω) = K̂(ω) · F̂ (ω) [3]75

The Fourier transform of the Kernel function (K) will appear as:76

K̂(ω) = F

{
−A(t − τ)k−1e− t−τ

θ

θkΓ(k)

}
= −A

(1 + iωθ)k
. [4]77

Then, Eq. 2 gets simplified to:78

Ŷ (ω) = −A
(
1 + i ω θ

)−k · F̂ (ω). [5]79

Here, the first term on the RHS (excluding the amplitude, A; i.e., (1 + i ω θ)−k) is often termed a “frequency-response factor80

(or transfer function).” In signal processing applications, this function delineates the effects on various frequencies as they81

traverse the kernel, such as the magnitude of which frequencies are boosted or attenuated, and the extent of the timing shift82

(phase lag) (22). Below represents how the magnitude (Eq. 6) of the Kernel function (K) appears when convolved with Forcing83

functions (F ) approaching very low (i.e., ω → 0; Eq. 7) and high (i.e., ω → ∞; Eq. 8) frequencies:84 ∣∣K̂(ω)
∣∣ =

[
1 + (ω θ)2 ]− k

2 , [6]85

86

ω → 0 =⇒
∣∣K̂(ω)

∣∣ → 1, [7]87

88

ω → ∞ =⇒
∣∣K̂(ω)

∣∣ → (ω θ)−k. [8]89

This indicates that at lower frequencies, the Kernel function does not alter the magnitude of the Forcing function; however,90

at higher frequencies, the magnitude decreases substantially. Accordingly, the phase lag (Eq. 9), at both lower and higher91

frequencies (Eqs. 10 and 11, respectively), is expressed as:92

arg
[

K̂(ω)
]

= − k tan−1(ω θ
)
, [9]93

94

ω → 0 =⇒ arg
[

K̂(ω)
]

→ 0, [10]95

96

ω → ∞ =⇒ arg
[

K̂(ω)
]

→ −k
π

2 . [11]97

This indicates that Forcing functions with lower frequencies generate a negligible phase lag, but at higher frequencies, the98

phase lag increases, resulting in shoreline positions exhibiting a more significant phase lag relative to the forcing function (the99

negative sign in Eq. 11 means that the forcing function leads the shoreline positions).100

Simplifying the convolutional architecture of the interdecadal cross-shore shoreline position to Bruun rule. Assuming that101

the relative sea level rise (RSLR) in the time series of water levels during 1984-2024 approximately resembles a 2nd-order102

polynomial (through time), then, following the Forcing function defined for other components of shoreline position variability103

(i.e., FCS , FCI , and FAl), the Forcing function for the interdecadal cross-shore component (FRSLR) can be defined as:104

FRSLR(t) = d

dt
ηRSLR(t) = d

dt

(
a t2 + b t + c

)
= 2a t + b. [12]105

By utilizing a Kernel function similar to other components, the Kernel function for the interdecadal cross-shore component106

(KRSLR) can be expressed as:107

KRSLR(t − τ) = −ARSLR (t − τ)kRSLR−1 e
− t−τ

θRSLR

θ kRSLR
RSLR Γ

(
kRSLR

) . [13]108

Then, the interdecadal cross-shore component (RSLR-induced) shoreline position variability (YRSLR) has a convolutional form109

of the following:110

YRSLR(t) = [KRSLR ∗ FRSLR] (t)

=
∫ t

t0

KRSLR(t − τ) FRSLR(τ) dτ

=
∫ t

t0

−ARSLR (t − τ)kRSLR−1 e
− t−τ

θRSLR

θ kRSLR
RSLR Γ

(
kRSLR

) (
2a τ + b

)
dτ.

[14]111

Taking advantage of a change of variables (i.e., u = t − τ), the equation above can emerge as:112

YRSLR(t) = 2a

∫ t−t0

0

−ARSLR ukRSLR−1 e
− u

θRSLR

θkRSLR
RSLR Γ

(
kRSLR

) (t − u) du + b

∫ t−t0

0

−ARSLR ukRSLR−1 e
− u

θRSLR

θkRSLR
RSLR Γ

(
kRSLR

) du. [15]113
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In this transformed equation, a particular integral form, generally known as "lower incomplete gamma function" appears, which114

has the following form:115

γ(s, x) =
∫ x

0
ts−1e−t dt. [16]116

Subsequently, using the definition of the lower incomplete gamma function, YRSLR (Eq. 15) is expressed as:117

YRSLR(t) = − ARSLR

Γ
(
kRSLR

){
2a

[
t γ

(
kRSLR,

t − t0

θRSLR

)
− θRSLR γ

(
kRSLR + 1,

t − t0

θRSLR

)]
+ b γ

(
kRSLR,

t − t0

θRSLR

)}
. [17]118

For further simplification, we apply a property of frequency-response factors for Forcing functions of extremely low frequency119

(i.e., ω → 0; Eq. 10), which physically represents the interdecadal fluctuations in the water level time series. This phenomenon,120

as a more severe (lower frequency) instance relative to interannual variations in water level time series, implies that k approaches121

1 (k → 1; or, equivalently, θRSLR ≫ t − t0), manifesting as very gradual passive flooding-like behavior in reality. Taking t0 = 0,122

Eq. 17 gets simplified to:123

YRSLR(t) ≈ −ARSLR

θRSLR

(
a t2 + b t

)
= −ARSLR

θRSLR

∫ t

0

d

dτ
ηRSLR(τ) dτ = −CRSLR · ηRSLR(t). [18]124

This is equivalent to the famous Bruun rule (23), where CRSLR = ARSLR
θRSLR

is a transect-specific constant, encompassing the125

influence of the shoreface slope (tan β) at that transect. Following the same assumptions as above, it can be shown that applying126

a higher-order polynomial (e.g., a 3rd- or 4th-order polynomial) to represent the very low-frequency interdecadal variations in127

the water level time series yields the identical conclusion achieved above, yet the transect-specific constant (proportionality128

constant; CRSLR = ARSLR
θRSLR

) remains unchanged, meaning that YRSLR(t) ∝ −ηRSLR(t).129

Modifying the mathematical representation of the Forcing function in our convolutional framework. The general convolutional130

form in evaluating the variability in shoreline positions is described as:131

Y (t) =
∫ t

t0

K(t − τ)F (τ) dτ, [19]132

where the Gamma Probability Distribution Function (PDF)-like Kernel function (K) has the following form:133

K(t − τ) =
−A

(
t − τ

)k−1
e− t−τ

θ

θk Γ(k) . [20]134

Here, if we assign F as the anti-derivative of F (i.e., dF
dt

= F ), then, via integrating by parts, Eq. 19 can be formulated as:135

Y (t) =
[
K(t − τ)F(τ)

]t

t0
−

∫ t

t0

F(τ) d

dτ
K(t − τ) dτ. [21]136

Further expansion of the equation above will yield:137

Y (t) = −A (t − τ) k−1 e− t−τ
θ

θk Γ
(
k
) F(τ)

∣∣∣∣∣
τ=t

τ=t0

−
∫ t

t0

F(τ) d

dτ

[
−A (t − τ) k−1 e− t−τ

θ

θk Γ
(
k
) ]

dτ

= A tk−1 e−t/θ

θk Γ
(
k
) F(t0) +

∫ t

t0

F(τ) d

dτ

[
A (t − τ)k−1 e− t−τ

θ

θk Γ
(
k
) ]

dτ

= A tk−1 e−t/θ

θk Γ
(
k
) F(t0) − A

θk Γ
(
k
) ∫ t

t0

F(τ) e− t−τ
θ (t − τ)k−2

[
(k − 1) − t − τ

θ

]
dτ

= A tk−1 e−t/θ

θk Γ
(
k
) F(t0) − A(k − 1)

θk Γ
(
k
) ∫ t

t0

F(τ) e− t−τ
θ (t − τ)k−2dτ + A

θk+1 Γ
(
k
) ∫ t

t0

F(τ) e− t−τ
θ (t − τ)k−1dτ.

[22]138

Recalling the general form of the Kernel function (Eq. 20), if we define a new Kernel function, changing only the shape139

parameter as knew = k − 1, this function will have the form:140

K∗
new(t − τ) = −1

θ

A(t − τ) k−2 e−(t−τ)/θ

θ k−1 Γ
(
k − 1

) , [23]141

or, equivalently:142

Knew(t − τ) = − A(t − τ) k−2 e−(t−τ)/θ

θ k−1 Γ
(
k − 1

) . [24]143
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Then, by using the mathematical form of the new Kernel function, Eq. 22 gets simplified to:144

Y (t) = A tk−1 e−t/θ

θk Γ
(
k
) F(t0)︸ ︷︷ ︸

Decays to 0 eventually

+1
θ

∫ t

t0

F(τ) Knew(t − τ)dτ − 1
θ

∫ t

t0

F(τ) K(t − τ)dτ. [25]145

Given the exponential decrease on the end tail of the defined Kernel functions, the first term on the RHS of Eq. 25 above146

approaches zero eventually (after a few years in our long time series, assuming that t0 = 0). With that in mind, comparing Eqs.147

19 and 25, it is apparent that a clear link exists between the type of the specified Forcing functions and the corresponding148

Kernel functions inside our convolutional architecture. Defining the forcing functions without taking the time derivative of the149

corresponding anomalous term, contrary to our implemented methodology in the main text, is noteworthy for two reasons:150

(1) It adds a convolutional term that employs a new Kernel function with a reduced shape parameter (knew = k − 1), which151

effectively reduces the time lag between the forcing (anomaly term) and response (shoreline position) signals, and (2) In the152

context of a "shallow" Convolutional Neural Network (CNN), using the anti-derivative of the initial forcing (F) introduces an153

additional convolution term (layer), whereby two different filters/kernels are applied to the forcing function (F), thus increasing154

the complexity of this shallow CNN. It can be shown that this procedure is recursive; each additional anti-derivative adds a155

convolutional layer with a new kernel function (although these functions have a different mathematical nature than the ones156

used in conventional deep CNNs) whose shape parameter is reduced by one (as long as the new shape parameter remains157

greater than or equal to 1). This creates a progressively deeper convolutional framework that captures increasingly complex158

dynamics between forcing and response, drawing stronger connections with state-of-the-art, deep CNNs. This also underscores159

the intrinsic nonlinearities present in our convolutional framework and the temporal spectrum dependencies between the chosen160

Forcing and Kernel functions in modeling shoreline position variation.161

Redefining the convolutional framework as differential equations. Using the Fourier transform, we showed that our central162

convolution equation (Eq. 1) can be written as:163

Ŷ (ω) = − A
(
1 + i ω θ

)− k · F̂ (ω), [26]164

and, it can be rearranged into:165 (
1 + i ω θ

)k
Ŷ (ω) = − A F̂ (ω). [27]166

Then, taking the inverse Fourier transform of both sides, the equation above is expressed as:167

F−1
{(

1 + i ω θ
)k

Ŷ (ω)
}

(t) = F−1
{

−A F̂ (ω)
}

(t), [28]168

and, after some manipulation, it is represented as:169 (
1 + θ D

)k
Y (t) = − A F (t). [29]170

In a special case, if k is an integer (k = n), the equation above can be rearranged into an nth-order linear differential equation:171

(1 + θ D)n Y (t) = − A F (t)
n∑

m=0

(
n

m

)
θm

A

d mY (t)
dt m

= − F (t).
[30]172

For example, in the case of n = 2, the main convolution equation (Eq. 1) can be simply written as:173

1
A

(
Y (t) + 2θ

dY

dt
+ θ2 d2Y

dt2

)
= −F (t). [31]174

For non-integer k, the result is not a standard differential equation and requires fractional calculus.175

176

In essence, comparing Eqs. 25 and 31 demonstrates a duality: Y can be seen as a result of convolving F (or its anti-177

derivatives) with specific Kernel functions, while F can be seen as being related to Y through a differential (or fractional178

differential) operation. This provides a flexible mathematical framework for modeling the dynamic nonlinear relationship179

between hydrodynamic forcings and shoreline position variability. This mathematical duality suggests that structured State-180

Space Models (SSMs; see e.g., (24)), which operate on the same continuous-time ODE formulation, may be a naturally181

well-suited deep learning architecture for shoreline change modeling, and potentially a direction that could be explored in182

future work.183
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Comparing our model’s hindcasting performance to the benchmark models/ensembles. Table S1 compares our model’s hindcast184

performance to the leading benchmarks in shoreline change modeling studies. We exclusively consider the most recent185

(2020-2026) benchmarking studies encompassing multiple models of diverse categories (i.e., process-based, reduced-complexity,186

or DL-based), as well as studies covering spatial extents on the order of hundreds of kilometers of sandy coasts, providing a187

holistic view on the current state of our hybrid, convolution-based model while spanning the expansive sandy beaches of the188

PNW.189

Table S1. Comparison of our model’s hindcast performance with the most recent, leading shoreline change benchmarking studies and models
applied over spatial extents of hundreds of kilometers alongshore. The index of agreement (d) and Mielke’s index (λ) are closely related
mathematically, though Mielke’s index tends to be more penalizing—meaning that, for instance, λ = 0.5 represents marginally better hindcast
skill than d = 0.5. NMSE stands for Normalized Mean Square Error.

Study Geographical
area

Spatial
extent (km)

# Mod-
els

Temporal coverage RMSE (m) λ, d, or NMSE

Calibration Validation
Montaño et al. (2020) (25)

(ShoreShop 1.0)
(Benchmarking study) Tairua Beach,

New Zealand
1.2 10 1999–2014 3.0 (Calibration) λ = 0.76 (Calibration)

2014–2017 4.5 (Validation) λ = 0.45 (Validation)
Vitousek et al. (2023)

(26)
California

coastline, U.S.
1760 1 1995–2015

2015–2020 12.4 (Validation) d = 0.559 (Validation)
Vitousek et al. (2024)

(27)
The U.S. South
Atlantic Coast

1850 1 1990–2015

2015–2020 12.3 (Validation) d = 0.44 (Validation)
Repina et al. (2025) (28)

(Benchmarking study) Narrabeen–Collaroy
Beach, New
South Wales,

Australia

3.6 5 1979–1999 λ = 0.38–0.99 (Calibration)

1999–2019 15–19 (Validation) λ = 0.33–0.49 (Validation)
Mao et al. (2025) (29)

(ShoreShop 2.0)
(Benchmarking study) Curl Curl Beach,

New South
Wales, Australia

∼1 34 1999–2019

2019–2023 ∼8.9 at best (Validation) λ = 0.5–0.6 (Validation)
Moskvichev et al.

(2025) (30)
Island of O‘ahu,

Hawai‘i, U.S.
110 1 1990–2020

2020–2023 9.0 (Validation) d = 0.3 (Validation)
Calcraft et al. (2026)

(31)
New South

Wales coastline,
Australia

2000 1 1988–2019

2019–2025 12.9 (Validation) NMSE = 0.89 (Validation)

Our model
The U.S. Pacific

Northwest
530 1 1984–2014 14.1 (Calibration) λ = 0.66 (Calibration)

2014–2024 14.1 (Validation) λ = 0.51 (Validation)
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Fig. S1. Spatiotemporal representation of the top three EOF modes of historical shoreline position variability (1984-2024) across all 22 analyzed littoral cells in the
PNW. Heatmaps of (a) EOF mode 1, (b) EOF mode 2, and (c) EOF mode 3, where the y-axis represents alongshore position (UTM Northing) spanning all littoral cells from
south (Brookings) to north (Olympic Peninsula), and the x-axis represents time. The average percentage of total observed shoreline position variability explained by each mode
across all littoral cells is specified in each panel title, with the per-littoral cell percentages displayed alongside each littoral cell. Positive shoreline position values indicate
accretion (seaward movement) and negative values denote erosion (landward movement). In all littoral cells (except Long Beach), mode 1 predominantly captures cross-shore
migration, while the combination of modes 2 and 3 indicates alongshore migration (e.g., curvature or breathing variability). Long Beach is a notable exception, with EOF mode 1
representing primarily alongshore variability (which, combined with mode 3, accounts for ∼62% of variability), while mode 2 mainly captures cross-shore variability (∼23% of
variability). EOF analysis results are adopted from ref. (2).
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Fig. S2. Time series of the modeled and observed components of shoreline position variability and their hindcast performance for two example transects in Long
Beach littoral cell, Washington. (a) The location of the example transects (transects #40 and #227, respectively, from south toward north, out of 839 transects) within
this littoral cell. (b-e) Time series of the hindcast and observed shoreline positions for distinct components of variability, namely, cross-shore seasonal (YCS ), cross-shore
interannual (YCI ), and alongshore (YAl) components, and total shoreline positions (Yt), respectively, for the example transect denoted by the orange triangle in panel (a),
with validation values shown first and calibration values in parentheses. Gray shading represents the 95% confidence intervals (C.I.) of the hindcast. The median trends
and 95% C.I. of the relative sea level rise-induced (YRSLR) and residual (YR) components are also shown in panels (e) and (m). The dashed vertical lines separate the
calibration (1984–2014) and validation (2014–2024) periods. (f-i) Taylor diagrams for the various components and total shoreline positions in this example transect during the
validation period. The Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) for modeled individual components and
total shoreline positions, for both calibration and validation periods, are shown in the respective panels. Panels (j-q) represent the same information (as shown in panels (b-i))
for the second example transect in this littoral cell, shown via the yellow triangle in panel (a). Credit: basemaps, Earthstar Geographics (via MATLAB (32)).

8 of 35 Mohsen Taherkhani, Sean Vitousek, and Peter Ruggiero



Fig. S3. Littoral cell-median Mielke’s index (λ) and Root-Mean-Square-Error (RMSE) for total and individual components of shoreline position variability across
the 22 analyzed littoral cells in the PNW. (a-d) Mielke’s index (λ; where 0 indicates no skill and 1 indicates perfect agreement) for total, cross-shore seasonal (CS),
cross-shore interannual (CI), and alongshore (Al) components, respectively. (e-h) Root-Mean-Squared-Error (RMSE; in meters) for the same components. Diamonds and
stars denote littoral cell-median values during the calibration (1984-2014) and validation (2014-2024) periods, respectively. Regional medians aggregated across Oregon (OR),
Washington (WA), and the entire PNW are shown at the top of each panel.
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Fig. S4. Empirical coverage percentages of the 95% confidence intervals (C.I.) for total and individual components of shoreline position variability across the
22 analyzed littoral cells in the PNW. Within-C.I. percentages, i.e., the fraction of observed shoreline positions falling within the modeled 95% C.I. bands derived from
the autoregressive (AR) residual-based uncertainty quantification, for (a) total, (b) cross-shore seasonal (CS), (c) cross-shore interannual (CI), and (d) alongshore (Al)
components of shoreline position variability. Diamonds and stars denote littoral cell-median values during the calibration (1984-2014) and validation (2014-2024) periods,
respectively. Regional medians aggregated across Oregon (OR), Washington (WA), and the entire PNW are shown at the top of each panel. Coverage rates near or above the
nominal 95% level indicate well-calibrated to slightly conservative uncertainty bands.
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Fig. S5. Comparison of autoregressive (AR) residual-based and Monte Carlo (MC) parameter perturbation uncertainty bands at four selected example transects
across the PNW. (a) Map of the PNW outer coast showing the locations of the four example transects. (b-e) Time series of observed and modeled shoreline positions for
the cross-shore seasonal (YCS ), cross-shore interannual (YCI ), and alongshore (YAl) components at each transect, with the AR-based 95% C.I. (orange shading) and
MC-based 95% C.I. (blue shading) overlaid, each derived from 100 ensemble simulations. For the MC approach, the four kernel parameters of each component (A, k, θ, τ )
are randomly perturbed around their optimized values: A is sampled in normal space, while k, θ, and τ are sampled in log-space to preserve positivity. In both cases, the
perturbation standard deviation is taken as the standard deviation of each parameter across all transects within the corresponding littoral cell, and the model is re-evaluated
for each realization. The within-C.I. coverage rates during calibration (1984-2014) and validation (2014-2024) periods are reported for both methods on each panel. The
dashed vertical line separates the calibration and validation periods. The four transects were selected to span a range of performance levels and geomorphic settings: (b) a
well-performing transect near the south of Pistol littoral cell (transect #40 out of 157 transects, from south to north), representative of open-coast conditions; (c) a moderately
performing transect near the south of Newport littoral cell (transect #285 out of 712 transects); (d) a relatively poor-performing transect at the northern extremity of Clatsop
littoral cell, adjacent to the southern jetty of the Columbia River entrance (transect #519 out of 561 transects); and (e) a moderately performing transect adjacent to the unjettied
entrance of Hoh River in Olympic Peninsula littoral cell (transect #880 out of 923 transects). Credit: basemaps, Natural Earth (via MATLAB (32)).
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Fig. S6. Effective morphodynamic memory (τeff ) of the optimized kernel functions (K) across the 22 analyzed littoral cells in the PNW. (a) Map of the U.S. Pacific
Northwest (PNW) outer coast showing the locations and boundaries of all 22 analyzed littoral cells. (b–d) Violin plots depicting the within-littoral cell distribution of τeff (in
months) for the cross-shore seasonal (CS; orange), cross-shore interannual (CI ; green), and alongshore (Al; blue) components, respectively. Stars denote littoral cell-median
values. (e–j) Littoral cell-median τeff linearly regressed against littoral cell-average UTM Northing (left column; in km) and shore-normal orientation (right column; in nautical
degrees of seaward shore-normals) for each component (denoted at the top-right of each panel), with the coefficient of determination (R2) and its corresponding p-value (with
a significance level of α = 0.05) reported. Dashed lines indicate the best-fit regression, with shading representing the 95% confidence interval (C.I.) of the linear fit. Credit:
basemaps, Natural Earth (via MATLAB (32)).
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Fig. S7. Kernel amplitude (|A|) of the optimized kernel functions (K) across the 22 analyzed littoral cells in the PNW. (a) Map of the U.S. Pacific Northwest (PNW)
outer coast showing the locations and boundaries of all 22 analyzed littoral cells. (b–d) Violin plots depicting the within-littoral cell distribution of |A| (dimensionless) for the
cross-shore seasonal (CS; orange), cross-shore interannual (CI; green), and alongshore (Al; blue) components, respectively. Stars denote littoral cell-median values. (e–j)
Littoral cell-median |A| linearly regressed against littoral cell-average UTM Northing (left column; in km) and shore-normal orientation (right column; in nautical degrees
of seaward shore-normals) for each component (denoted at the top-right of each panel), with the coefficient of determination (R2) and its corresponding p-value (with a
significance level of α = 0.05) reported. Dashed lines indicate the best-fit regression, with shading representing the 95% confidence interval (C.I.) of the linear fit. Credit:
basemaps, Natural Earth (via MATLAB (32)).
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Fig. S8. Hindcast performance of the historical (observed) shoreline positions throughout Brookings littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S9. Hindcast performance of the historical (observed) shoreline positions throughout Pistol littoral cell, Oregon. Spatiotemporal representation (heatmap; y-axis
denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their difference
(∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for amplitude
[A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by component
(orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects. (e) Spatial
(alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total shoreline
positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects within this
littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation [NST D] and
Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral cell, during
both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S10. Hindcast performance of the historical (observed) shoreline positions throughout Gold Beach littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).

16 of 35 Mohsen Taherkhani, Sean Vitousek, and Peter Ruggiero



Fig. S11. Hindcast performance of the historical (observed) shoreline positions throughout Nesika littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S12. Hindcast performance of the historical (observed) shoreline positions throughout Humbug littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S13. Hindcast performance of the historical (observed) shoreline positions throughout Port Orford littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S14. Hindcast performance of the historical (observed) shoreline positions throughout Bandon littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S15. Hindcast performance of the historical (observed) shoreline positions throughout Coos littoral cell, Oregon. Spatiotemporal representation (heatmap; y-axis
denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their difference
(∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for amplitude
[A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by component
(orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects. (e) Spatial
(alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total shoreline
positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects within this
littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation [NST D] and
Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral cell, during
both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S16. Hindcast performance of the historical (observed) shoreline positions throughout Heceta littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S17. Hindcast performance of the historical (observed) shoreline positions throughout Newport littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S18. Hindcast performance of the historical (observed) shoreline positions throughout Beverly littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S19. Hindcast performance of the historical (observed) shoreline positions throughout Lincoln littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S20. Hindcast performance of the historical (observed) shoreline positions throughout Neskowin littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S21. Hindcast performance of the historical (observed) shoreline positions throughout Netarts littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).

Mohsen Taherkhani, Sean Vitousek, and Peter Ruggiero 27 of 35



Fig. S22. Hindcast performance of the historical (observed) shoreline positions throughout Rockaway littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S23. Hindcast performance of the historical (observed) shoreline positions throughout Cannon Beach littoral cell, Oregon. Spatiotemporal representation
(heatmap; y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c)
their difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted
for amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S24. Hindcast performance of the historical (observed) shoreline positions throughout Clatsop littoral cell, Oregon. Spatiotemporal representation (heatmap;
y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c) their
difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted for
amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S25. Hindcast performance of the historical (observed) shoreline positions throughout Grayland Plains littoral cell, Washington. Spatiotemporal representation
(heatmap; y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c)
their difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted
for amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S26. Hindcast performance of the historical (observed) shoreline positions throughout North Beach littoral cell, Washington. Spatiotemporal representation
(heatmap; y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c)
their difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted
for amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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Fig. S27. Hindcast performance of the historical (observed) shoreline positions throughout Olympic Peninsula littoral cell, Washington. Spatiotemporal representation
(heatmap; y-axis denotes the UTM northing and x-axis specifies time) of the total (a) observed (Yt,obs) and (b) modeled (hindcast) (Yt,mod) shoreline positions, alongside (c)
their difference (∆Yt = Yt,obs − Yt,mod). The dashed vertical line separates the calibration (1984–2014) and validation (2014–2024) periods. (d) The normalized (adjusted
for amplitude [A] and effective morphodynamic memory [τeff ]) shapes of the convolution kernel functions (K) optimized for all transects across this littoral cell, colored by
component (orange: CS, green: CI , blue: Al), with solid lines representing the littoral cell average and shading denoting the 95% within-littoral cell variability across transects.
(e) Spatial (alongshore) variability of the Root-Mean-Squared-Error (RMSE), Pearson correlation coefficient (Corr), and standard deviation (ST D) of the modeled total
shoreline positions during the validation period (2014-2024) in this littoral cell. This panel also features the kernel density estimation (KDE) for each metric across all transects
within this littoral cell, alongside their littoral cell-median values shown by their corresponding color (the y-axis is not scaled). (f-i) The normalized (for standard deviation
[NST D] and Root-Mean-Squared-Error [NRMSE]) Taylor diagrams for distinct modeled components and the total shoreline position variability of all transects in this littoral
cell, during both calibration and validation periods, where each point corresponds to an individual transect. Credit: basemaps, Earthstar Geographics (via MATLAB (32)).
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