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Predicting Shoreline Changes Along the California Coast
Using Deep Learning Applied to Satellite Observations
Susheel Adusumilli1 , Nicholas Cirrito1 , Laura Engeman1,2 , Julia W. Fiedler1,3 ,
R. T. Guza1 , Athina M. Z. Lange1 , Mark A. Merrifield1 , William O'Reilly1 , and
Adam P. Young1

1Scripps Institution of Oceanography, UC San Diego, La Jolla, CA, USA, 2California Sea Grant, UC San Diego, La Jolla,
CA, USA, 3University of Hawaii at Manoa, Honolulu, HI, USA

Abstract Understanding and predicting changes in shoreline location are critical for coastal planners. In
situ monitoring is accurate but not widely available. Satellite observations of shorelines have global coverage,
but their accuracy and predictive capacity have not been fully explored. Abundant beach surveys and extensive
wave observations in Southern California provide a unique ground truth for the interpretation of satellite‐
derived recently wetted waterlines. We combine 23 years of waterline position estimates from satellite imagery
with nearshore wave hindcasts and tides to train and test a deep neural network (DNN). The trained DNN uses
only tides and waves as predictors at transects with satellite coverage and wave estimates to predict beach width
and, for the first time, seasonal average beach slopes. Beach width changes hindcast using DNN have at least fair
skill (>0.3) for 50% of transects, where the skill was calculated relative to the mean of extensive new in situ
survey data from in San Diego County. The DNN also predicted shoreline changes to within 10 m (the nominal
uncertainty in satellite‐derived shorelines) for 64% of transects lacking ground truth. DNN and survey estimates
of seasonal beach slope changes also agree qualitatively.

Plain Language Summary Monitoring changes in the width and slope of sandy beaches is crucial for
effective coastal management and planning to mitigate risks of coastal erosion and flooding. Survey
observations of beach widths using mobile laser scanners or drones are accurate but expensive to collect and
unavailable for a large fraction of California's coastline. In this study, we combine satellite observations of
changes in shoreline positions and a regional wave model to relate (using machine learning) waves and changes
in beach width and slope. We use extensive survey observations in Southern California to validate the machine
learning framework. We find that our machine learning framework allows us to make useful predictions of
beach width change using only widely available tide and wave model outputs as input for 50% of the beaches
considered.We also quantify seasonal changes in beach slope for the first time, important because steeper slopes
in winter (combined with large waves) lead to increased flooding.

1. Introduction
Beaches worldwide are increasingly threatened by erosion and flooding associated with high shoreline total water
levels (TWL). TWL drivers include sea level, climate and seasonal cycles, tides, ocean eddies, storm surge, and
local waves (e.g., Idier et al., 2019). On the U.S. west coast, coastal flooding is often due to coinciding energetic
winter swells and high tides (Serafin et al., 2017). Flooding duration, intensity, and frequency are projected to
increase over the next century (Sweet et al., 2022; Thompson et al., 2021; Vitousek et al., 2017). The significant
uncertainties and impacts of these events are key research areas for coastal management and adaptation (Cali-
fornia Climate Change Assessment, Pierce et al., 2018).

The surfzone bathymetry and beach‐face slope control the evolution of waves across the swash zone and the
resulting shoreline setup and swash (e.g., Battjes, 1974). Forecasts of wave runup, an important component of
TWL, are typically made using simplified models that include a specification of the beach‐face slope to transform
incident waves to runup (Stockdon et al., 2006). The beach‐face slope is related to grain size (Bujan et al., 2019),
with coarse sand beaches typically steeper than fine sand beaches. Beach‐face and surfzone slopes are both key
parameters in empirical models of shoreline runup and total swash excursion (Harley et al., 2015; Lange
et al., 2022). Conventional survey techniques readily measure the beach‐face slope at individual beaches. At large
spatial scales (i.e., regional), a linear beach‐face slope averaged over the full satellite record can be estimated from
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satellite imagery (Vos et al., 2020). Here, we develop an alternative approach that extends satellite‐based slope
estimates from annual to seasonal.

A significant challenge in a satellite‐derived shoreline change estimation is transforming the observed recently
wetted total water level waterline position, which varies in space and time with the tide, wave runup, and beach
face composition to an estimate of the concurrent position of a constant elevation reference contour on the beach
face (e.g., the MSL shoreline). Vos et al. (2020) correct for the tide using a mean beach slope but do not attempt to
remove the wave signal when estimating a (typically unknown but greater than MSL) shoreline reference contour
elevation. The reference contour elevation in this case includes the long‐term mean wave runup at the coastal
transect. By including skillful wave runup, shoreline change accuracy can be improved at short time scales
(Castelle et al., 2021; Graffin et al., 2023; Konstantinou et al., 2023; Vitousek et al., 2023). However, empirical
parameterizations for runup corrections can have large errors, and in some cases, corrections increase the error in
satellite‐estimated shoreline location.

Recent studies have demonstrated the usefulness of machine learning techniques to predict various nearshore
processes (e.g., Ellenson et al., 2020; Iglesias et al., 2009; Lopez et al., 2017; Pape et al., 2007) and specifically to
predict changes in beach width (Gomez‐de la Pena et al., 2023; Montaño et al., 2021; Siegelman et al., 2023;
Simmons & Splinter, 2022; Zeinali et al., 2021). While equilibrium (e.g., Yates et al., 2009) and numerical models
(e.g., XBeach, CShore) provide insights into the processes driving beach change, machine learning models such
as neural networks (Simmons & Splinter, 2022) and random forests (Siegelman et al., 2023) are comparatively
assumption‐free and have better predictive skills.

Here, we develop a deep neural network (DNN) framework to predict changes in MSL shoreline position and
beach slope from wave and tide estimates. Agreement between DNN estimates and extensive (not previously
reported) field observations of beach slope and width is promising. Observations of shoreline change and waves
are described in Section 2. The DNN model is developed in Section 3 and tested in Section 4.

2. Observations of Shoreline Change and Waves in California
2.1. Changes in Shoreline Positions Estimated Using CoastSat

Publicly available changes in the width of California beaches were derived in Vos et al. (2023a, 2023b) by
applying the CoastSat (Vos et al., 2019) algorithm to Landsat 5, 7, 8, and 9 satellites. CoastSat applies supervised
machine learning for pixel classification and sub‐pixel border segmentation to map the boundary between sand
and water. The mapped sand‐water interfaces are intersected with cross‐shore beach transects spaced at 100 m
intervals. Changes in shoreline positions on each transect are available as time series, Xs(t). Shoreline change from
these existing satellite data products, spanning from Jan. 2000 to Dec. 2021, was extended to Mar. 2023 by
applying the CoastSat algorithm to Landsat 7, 8, and 9 (Figure 1a). The existing and extended time series were
similar during 2021 when they overlap, but in the cases where they differed (e.g., due to differences in the quality
flags used to remove bad data), they were combined by minimizing the median difference between the two re-
cords during the overlap period. Following (Vos et al., 2023a), we removed data points with over 40 m of change
between time steps or a modified normalized difference water index (MNDWI, used to find the sand/water
threshold) above 0.5.

The accuracy of CoastSat satellite‐derived horizontal shoreline positions from comparison with in situ ob-
servations was around 10 m at sites with 2–3 m spring tide (Vos, 2023). We find similar accuracy for beaches
in California (detailed in Section 4.1). On average, 496 shoreline positions were available for each of 5240
transects, totaling about 2,600,000 positions. Cloud cover led to missing data and differed with location
(Figures 2a–2c). Additionally, the sun‐synchronous Landsat orbits affect the distribution of sampled tide levels
(Figures 2d–2f). The consequences of sparse data during some time periods and tide states on results are
discussed below.

We excluded shoreline positions of island beaches and all CoastSat transects >200 m away from the nearest
Coastal Data Information Program (CDIP) Monitoring and Prediction (MOP) system wave estimate (O’Reilly
et al., 2016), leaving 6,951 transects (86%). The 100 m alongshore spacing of the retrieved CoastSat transects is
the same as MOP wave model outputs in Southern California and smaller than the 200 m MOP spacing in
Northern California.
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2.2. Wave and Tide Model Outputs

Hindcasts of wave spectra (frequencies: 0.04–0.25 Hz) were obtained from the MOP model (O’Reilly
et al., 2016). MOP, a non‐stationary, linear, spectral refraction wave model, is initialized using offshore deep-
water directional wave buoys. Wave properties are estimated at 10‐m depth in Southern California and 15‐m

Figure 1. Observations and Deep Neural Network (DNN) model predictions of shoreline change at Torrey Pines State Beach (MOP 582). Satellite observations of mean
sea level (MSL) shoreline location (essentially beachwidth fluctuation) divided into training, validation, and test data. (a) Divided randomly and (b) divided sequentially.
The gray curves connect the dots. (c) MSL shoreline location versus time field surveys (black). DNNwith random (green) and sequential (red) splits. For (d) random and
(e) sequential splits, DNN versus surveyed beach width: training (blue), validation (orange), and test (purple). RMSE and skill are relatively insensitive to sequential or
random splitting (compare (d) with (e), skill defined in Equation 5).
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depth in Northern California. MOP outputs are best suited for quantifying mean wave climate conditions as
opposed to extreme or individual wave events. The model does not consider wave breaking but includes island
shadowing, wave shoaling and refraction, changing shoreline orientation, and offshore shoals. MOP wave model
outputs are unavailable pre‐2000, and 1 Jan 2000–30 March 2023 is considered here.

Tidal levels are from the FES2014 model (Lyard et al., 2021), following Vos et al. (2019). Monthly sea level
anomalies relative to a 1993–2012 reference period derived from using satellite altimetry (Sánchez‐Román
et al., 2023) are used to include other contributions to still water level. Bilinear interpolation is used to
map anomalies to the nearest CoastSat transect. Anomalies are usually <0.2 m and do not substantially change
the results.

2.3. In Situ Surveys of Beach Change

Satellite observations of beach change are compared with in situ elevation surveys collected quarterly (or more
frequently) over several San Diego County beaches since 2001 using GPS or GNSS equipped platforms along the
MOP transects (jet‐ski, hand‐pushed carts, and all‐terrain vehicles, Ludka et al., 2019). Higher‐frequency

Figure 2. Sampling of satellite data in the tidal cycle for three beaches; Torrey Pines (left, Southern California), Monterey (central California), and King Range (Northern
California). (a–c) Monthly frequency of satellite‐derived shorelines. Clouds result in fewer shoreline estimates in somemonths. (d–f) Histograms of tide level for the full
tidal distribution (blue) and the satellite sampling (orange). Vertical lines indicate MLLW andMHHW, and 0 is MSL. The lowest tides (<1 m) are almost never sampled
due to the sun‐synchronous satellite orbit. (g–i) Imagery over the three beaches, with corresponding CoastSat shoreline.
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topography observations (monthly, weekly) made with mobile LiDAR systems or drone‐based structure‐from‐
motion are available from 2017 onwards (Young et al., 2021, 2023). Surveys from 2017 onwards at sites other
than Torrey Pines have not been used in previous satellite validation studies. All data were quality controlled and
interpolated into cross‐shore MOP system transects at 1 m resolution. A total of 1,073 transects were extracted
from in situ observations.

3. Methods
3.1. Transforming Wave Model Outputs to Runup Using the Integrated Power Law

MOP spectral outputs are transformed into estimated runup time series useful for comparisons with the satellite‐
derived shoreline data with the integrated power‐law approximation (IPA) (Fiedler et al., 2020; Lange
et al., 2022). IPA uses frequency‐weighted integrals of the deepwater (in this case, 10–15 m) sea‐swell spectra
denoted E(f), where f is the frequency to generate bulk runup statistics using

R(m, n, t) = c∫
deep

E( f , t)mf ndf , (1)

where the exponents m and n can be varied to derive an ensemble of runup estimates R(m, n, t) and c is a
dimensionless constant. Typically, c includes the influence of the beach slope; however, before input into the
DNN, the R(m, n, t) are normalized with the constant c. Equation 1 differs from Fiedler et al. (2020) because
separate terms for setup, infragravity, and sea‐swell components are not estimated, and beach slope is not included
explicitly. Instead, DNN parameterizes the role of each R(m, n, t) in the predictions. IPA is an alternative to
parameterizations that only incorporate the significant wave height and a wave period (Hunt, 1959; Stockdon
et al., 2006) and is intended to improve runup predictions under the bimodal and broad sea‐swell distribution
common in California (O’Reilly et al., 2016).

3.2. Combining CoastSat and MOP Wave Data With a Deep Neural Network

Tide and wave‐driven changes in shoreline positions are large contributors to changes in satellite‐driven shoreline
positions Xs(t) that should be accounted for to estimate shoreline elevation. A previous study (Vos, 2023) de-
scribes techniques for correcting Xs(t) for tides using FES2014 and waves using the Stockdon et al. (2006)
parameterization; however, a correction for variability in wave climate using sea‐swell spectra has not been
explored for beaches in California, where MOP provides near‐shore wave climate. In this study, we describe a
DNN that uses Xs(t) and MOP waves to estimate seasonal mean slopes averaged over the full 23‐year record,
while disentangling the influences of tides and waves on shoreline change estimates (Figure 1); a similar sepa-
ration of these contributors was described in Vitousek et al. (2023) (their Equation 4).

For each CoastSat transect, we developed a unique DNN with the satellite‐derived shoreline changes relative to
the time‐average value from CoastSat as the target variable. The predictors considered for the DNN include tide
elevation, monthly changes in still water level estimated from satellite altimetry, and a time series of hourly
averaged runup predictors R(m, n, t) (normalized using the constant c in Equation 1). We estimated R(m, n, t)
using the IPA, with wave spectra from the nearest MOP transect. We used 5 values ofm ranging from 0.2 to 8 and
5 values of n ranging from − 4 to 4, resulting in 25 total estimates of R(t) values averaged for the hour in which the
satellite data were collected; we refer to this as the “instantaneous” wave forcing. Past wave conditions are
included as predictors by averaging R(m, n, t) values over lags of 14 days, 1 month, 3 months, 6 months, 1 year,
and 2 years (for a total of 6 lag periods). Siegelman et al. (2023) used similar lagged wave predictors in their
machine learning framework. With 25 estimates of R(t) and 6 lag periods for each estimate, a total of 150 lagged
wave predictors were included in the DNN.

We use TensorFlow's Keras, an open‐source deep learning library, to implement the DNN using the framework
shown in Figure 3. The DNN was not pre‐trained because this study is the first time these predictors and ob-
servations are used for this application. The data, consisting of normalized shoreline position changes for each
transect, were divided into training, validation, and test subsets, taking up 70%, 10%, and 20% of the total volume,
respectively (Figure 3). These subsets were assigned either randomly (where the data were divided without a
specific order) or sequentially (the first 70% for training, the following 10% for validation, and the last 20% for
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testing) (Figure 1a). Random and sequential sampling often yielded similar results (Figure 1) but there are ex-
amples (not shown) where sequential results are biased, for example, by only using training data from a subset of
Landsat missions. Random sampling is used for the remainder of this study.

To demonstrate the utility of machine learning for predicting shoreline change, we opted for a simple DNN
architecture designed to prevent overfitting. The architecture for this DNN included three layers: the first layer
had 128 neurons with a rectified linear unit (ReLU) activation function (Nair & Hinton, 2010) using “He
uniform” initialization (He et al., 2015); the second layer contained 256 neurons with the same activation and
initialization but included a 50% dropout rate (Srivastava et al., 2014) to mitigate overfitting; the final layer
consisted of a single neuron without an activation function. We tested DNN architectures with 3–4 layers with
the number of neurons in each layer varying between 32 and 256 and tested dropout rates between 0% and
60%. We found that the 4‐layer models were often prone to overfitting (especially in the case with >128
neurons in each layer). Changing the number of neurons between 64 and 256 in the preferred 3‐layer model
did not show significant differences. We test DNN over all beaches where satellite and survey data are
available (86% of the shoreline).

The Adam (Adaptive Moment Estimation) optimization algorithm (Kingma & Ba, 2014), used to fit to the DNN,
was slightly less sensitive to changes in the DNN architecture than other algorithms (although the differences
were small and within the range of observation uncertainty). We used a mean square error (MSE) as a simple loss
function. The training process was run for 1,000 epochs, which refers to one complete pass, with a batch size of 50
data points for each pass. This duration was a tradeoff between adequate learning time, computational efficiency,
and model overfitting.

Figure 3. Flowchart of DNN analysis of satellite‐derived shoreline change. Orange fields indicate data inputs into the DNN (in blue) either from CoastSat‐derived
shorelines or MOPWave forecasts. Green fields indicate post‐processing steps, where DNN outputs are compared against survey observations or used to generate beach
slopes.
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3.3. Estimating Beach Slopes Using Deep Neural Networks

We use the tide component of shoreline change, Xtide(t), to estimate a linear beach slope. Hourly DNN predictions
of shoreline change are denoted as XDNN(t). A second set of shoreline change predictions, denoted Xmsl(t), were
generated using a constant mean sea level (MSL) value for the tide (but the wave‐driven contribution was allowed
to vary as before). Xtide(t) was estimated as

Xtide(t) = XDNN(t) − Xmsl(t) (2)

Xtide(t) was binned in 20 discrete tide height intervals and errors in the binned values estimated as the standard
deviation of heights within the bins (Figure 4). The beach slope is estimated as the regression slope with the
binned Xtide(t) values as the x‐variable and tide heights as the y‐variable. Instead of simple linear regression,
orthogonal distance regression was used to account for errors in the x‐variable (Figure 4a). The analysis is
repeated separately for each month (Figure 4b) and a 3‐month moving average filter was applied to derive
seasonal changes. The relatively few (<3%) beaches with estimated slopes >0.2 were excluded consistent with
Vos et al. (2020) and the upper limit of sandy beach‐face slopes (Bujan et al., 2019).

4. Results
4.1. Validating Estimated Tide and Wave Contributions to Shoreline Change

The ability of the DNN framework to predict changes in beach widths is illustrated at Torrey Pines State Beach
(TPSB; MOP Transect 582, Figure 1). Results are similar with CoastSat data divided into training, validation, and
test subsets both randomly (Figure 1a) and sequentially (Figure 1b).

Shorelines corrected using the DNN for tide and wave contributions are compared to corrections derived by
multiplying beach slopes from Vos et al. (2020) with tides and several published parameterizations for wave
runup (such as Stockdon et al., 2006). Corrected shorelines are denoted Xs,corr(t) . Xs,corr(t) and survey obser-
vations are compared at 933 transects using a MSE metric normalized by the standard deviation (STD) of the
surveyed MSL beach width Xsurvey(t) ,

Ssurvey =
MSE(Xsurvey(t) − Xs,corr(t))
MSE(Xsurvey(t) − Xs(t))

. (3)

Figure 4. Torrey Pines State Beach (2000–2023, MOP 582) elevation (relative to MSL) versus cross‐shore distance from MSL Beach shape from 654 field surveys
compared with DNN predictions of beach slope at Torrey Pines State Beach (2000–2023). (a) Beach profiles centered around mean sea level (MSL) from 654 field
surveys (red curves average is bold). Hourly DNN predictions (gray) of the tide component of shoreline change, Xtide(t) (Equation 2). The DNN‐slope is the slope of the
dashed black line, a linear fit to binned averages of DNN‐estimated Xtide(t). Panel (b) similar to (a) except DNN beach slope predictions for February (orange, slope 0.08)
and September (purple, slope 0.05) are shown separately. Survey shapes are not shown.
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Ssurvey normalizes the error in Xs,corr by the uncorrected error.

The DNN‐based correction performs better at all beach slopes than corrections that only account for tides and
corrections that account for both tides and wave climate through the Stockdon et al. (2006) parameterization
(Figure 5a). These corrections are applied by adding tide and wave contributions to total water level with beach
slopes derived from Vos et al. (2020); these results do not change when we use beach slopes derived from this
study. Figure 5a shows about 5%–10% error reduction for the DNN‐based correction compared with tide only.
The correction based on the tides and the Stockdon et al. (2006) parameterization counter‐intuitively increases the
error (relative to tide only) by around 10% for low slope beaches. This suggests that the Stockdon et al. (2006)
parameterization by itself is inaccurate at low beach slopes.

Corrections using various parameterizations (Figure 5b), including one machine learning approach by Power
et al. (2019), are compared using fractional MSE differences between corrected and uncorrected satellite‐derived
shorelines

Ms =
MSE(Xs,corr(t))

MSE(Xs(t) − Xs(t))
, (4)

where Xs(t) is the average. These parameterizations are not designed to account for changes in satellite‐derived
shorelines and are outperformed by DNN, especially at high beach slopes where Ms for the DNN was lower by
over 10% (Figure 5b).

4.2. Validating Predictions of Shoreline Change

The DNN predicts shoreline change by incorporating historical wave observations and is a reliable predictor of
shoreline changes for MOP 582 at Torrey Pines (Figure 1c). Beach width changes relative to the time‐average
over the record for each transect were estimated by removing the instantaneous wave, tide, and sea level con-
tributions from the DNN predictions of shoreline change. DNN predictions are compared with independent
survey data (Figures 1d and 1e) using a skill‐like metric (alternative normalizations are possible)

Figure 5. Comparison between beach width modeled using deep neural networks (DNN) and estimates using other published parameterizations in a standard (e.g.,
Vos, 2023) approach. Transects are binned by the average beach slope value for 2020–2023. Total number of beaches transects in each slope bin (N) is shown at the top
of (a) selected Southern California transects and (b) all California transects. Note different vertical scales. (a) Normalized MSE differences Ssurvey (Equation 3) between
beach width at mean sea level from surveys (Xsurvey) and satellites with various corrections (Xs,corr) for all Southern California transects with ground truth (Ntotal = 854).
Shown are corrections for waves only (Stockdon et al., 2006; orange line), tides only (black dashed line), tides and waves using Stockdon et al. (2006) (blue line), and
tides and waves using the DNN framework (green line). (b) Normalized MSE differences between satellite‐derived shoreline changes uncorrected and corrected for
various wave forcing parameterizations (Xs,corr) and DNN for all California transects (Ntotal = 6,504) (see Equation 4). Corrections use standard tide and wave effects
(R2% from Beuzen et al., 2019; Holman, 1986; Power et al., 2019; Ruggiero et al., 2001) (see legend).

JGR: Machine Learning and Computation 10.1029/2024JH000172

ADUSUMILLI ET AL. 8 of 15

 29935210, 2024, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024JH

000172, W
iley O

nline L
ibrary on [30/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



skill = 1 −
MSE(XDNN(t) − Xsurvey(t))
MSE(XDNN(t) − XDNN(t))

, (5)

where XDNN(t) is the average.

DNN predictions are compared with California‐wide satellite (Figures 6a–6c) and Southern California survey data
(Figures 6d and 6e). The bias observed between the test data, which constituted satellite‐derived shoreline change
estimates not employed in the DNN's training, and the DNN predictions consistently fell within±5 m (Figure 6a).
Root mean square error (RMSE) values between the test data and DNN predictions typically remained below 20m
(Figure 6b). ThemedianRMSEvalue betweenDNNpredictions and beachwidths from independent survey data in
Southern California was 6 m (Figure 6d). These RMSE values between DNN predictions and survey beach widths
were similar to the values betweenDNNpredictors and test data, because the variability in beachwidth in Southern
California is typically smaller than the variability in central and Northern California. For 8.7% of transects,
normalizedMSE> 1, skill< 0 (Figures 6c and 6h) indicatingDNN is inaccurate. TheseDNNs fail internal tests and
were excluded from comparison with in situ surveys and future analyses. For 44% of test data, normalized MSE
values were >0.7 (skill < 0.3), which suggested poor skill for these DNNs; however, we included these DNNs in
future analyses so that they could be independently verified against in situ data.

4.3. Beach Slope Predictions

The portion of the beach sampled by the satellite‐derived shorelines is strongly dependent on the tidal level during
the satellite acquisitions and influences the beach slopes determined using the DNN. In California, the portion of

Figure 6. Testing the DNNmodel. (a, f) Bias (mean of the residuals) between test data from satellite observations and DNN predictions. The small bias (usually less than
3 cm) is noisy and changes sign at small (100 m) alongshore scales. (b, g) Root mean square error (RMSE) between test data from satellite observations and DNNmodel
predictions. (c, h) Normalized MSE (see Equation 4). 56% of transects have normalized MSE < 0.7 (skill > 0.3) on test data. (d, i) RMSE of residuals between data from
DNN model predictions and surveys (available between 0 and 145 km). (e, j) Normalized MSE version of (d, i). 49.7% of transects have MSE < 0.7 (skill > 0.3) with
observations. (f–j) Histograms of changes shown in (a–e).
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the beach between MSL and MHHW is captured significantly better by the Landsat satellites than the portion
below MSL (Figures 2d–2f). Anomalies of Xtide(t) estimated using the DNN are therefore more accurate above
MSL than below it. This is evident in comparisons of Xtide(t) against survey observations of beach shape centered
at their MSL locations (Figure 4a) at TPSB, which shows that Xtide(t) is more accurate at high tides than at low
tides. Therefore, in this analysis, we restrict the calculation of beach slopes to the region between MSL and
MHHW.

Figure 7. Validation of changes in beach width and slope for the relatively well‐surveyed 50 km span between SIO pier and Oceanside Pier. DNN (pink), in situ surveys
(blue), (a) Beach width change between Feb and Sep (b) Feb–Sep beach width change standard deviation, (c) average (2000–2023) beach slope, (d) slope change Feb–
Sep. in (c) Vos et al. (2020) (blue). (e–h) Scatter plots of panels (a–d). RMSE and skill are given in each panel. DNNs with normalized MSE > 1 excluded (Figure 6c),
then data were smoothed alongshore with a 300 m moving median filter.
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Most (90%) California beach slopes derived using the DNN‐based technique were between 0.03 and 0.1
(Figure 8f). Slope estimates are similar to Vos et al. (2020), with a mean and standard deviation difference of
0.01 ± 0.02. For Southern California, RMSE slope errors compared to surveys are larger for DNN than Vos
et al. (2020) (Figures 7c and 7g) (RMSE = 0.012 for Vos et al. (2020) and 0.019 for DNN); however, unlike the
technique described in Vos et al. (2020), the DNN can also estimate the seasonal change in beach slope
(Figure 7d). At TPSB, Xtide(t) values during February are steeper and show less horizontal variability than during
a fall month of September (Figure 2b). Similarly, we find that beach slopes in September are typically lower than
those in February for other beaches in Southern California (Figure 7d). Slope change data show moderate skill
(0.3) and similar patterns of variability compared with survey data.

4.4. Characteristics of Shoreline Changes in California

Shoreline change data from CoastSat, with corrections for instantaneous tide and wave contributors estimated
using the DNN, provide large‐scale insights of beach change in California at a variety of timescales. At sea-
sonal timescales, average shoreline positions are more landward during winters (Dec–May) and more seaward
during summers (Jun–Nov) (Figures 8a and 8b), and the standard deviation of shoreline positions (indicative of
variability in beach width) is correspondingly higher during winters compared to summers (Figure 8c). The
amplitude of the seasonal variations is higher for beaches further north (Figure 8d). There are some seasonal
biases in the availability of satellite data across different regions in California due to changes in cloud cover
(Figures 2a–2c), but these biases do not affect these results of seasonal variability averaged over two decades.
Sub‐seasonal and interannual variations in shoreline positions are also higher in the northern beaches compared
to the south (Figure 8e).

Figure 8. Contributors to shoreline change in California. (a) Time (as day of water year, starting October 1) of minimum beach width. Line directions show beach
orientation. (b) Change in shoreline position between winter average (December–May) and summer average (June–November). Negative values indicate wider summer
than winter beaches. The alongshore variation of (a) time of minimum and (b) winter minus summer are similar, with strong variation south of Santa Barbara. (c) Change
in standard deviation of shoreline positions between winter and summer. Positive values indicate a shoreline is more variable in winter than summer. (d) Seasonal
amplitude of shoreline change. (e) Combined amplitude of sub‐seasonal and interannual components of shoreline change. (f) Average beach slope (2000–2023)
from DNN.
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5. Discussion
The DNN framework extracts useful physically relevant information from satellite‐derived shorelines. Previous
studies (e.g., Castelle et al., 2021; Konstantinou et al., 2023) highlight the need for corrections of satellite‐derived
shorelines for wave contributions. Konstantinou et al. (2023) stress the need for site‐specific corrections. Our
DNN model achieves exactly that by establishing unique transformations of tide heights and wave spectra for
each beach to obtain optimal corrections. We use DNNs because they are commonly used, easy to implement, and
flexible with the capability to capture the nonlinear interactions between waves, tides, and beach morphology.
The simplicity allows testing DNN predictive ability over the large spatial reach with high computational effi-
ciency. We note that other similar machine learning techniques show promise, such as random forests (Siegelman
et al., 2023), applied to two transects in California, and convolutional neural networks (Gomez‐de la Peña
et al., 2023), applied to one beach in New Zealand. Simple long‐short‐term memory, feedforward neural net-
works, and convolutional neural networks were applied to satellite‐derived shorelines for a large number of
beaches distributed across the globe in Calkoen et al. (2021). The results from the machine learning techniques
used in all three of these studies did not differ significantly from the DNN but were an improvement over
“traditional” time series prediction techniques, such as ordinary least squares and autoregressive models.

Estimates of shoreline change corrected for tide and wave contributions using DNN showed better agreement (by
around 10%) with survey observations than corrections applied using previous published techniques (Figure 5a),
implying that DNN‐corrected shorelines represent improved estimators of changes in physical beach width. We
note, however, that these techniques were originally designed to provide accurate runup estimates rather than to
correct satellite‐derived shorelines. Correcting the tide and wave contributions to shoreline change also helps
identify physical drivers of beach change; for example, some south‐facing beaches in Southern California
(Figure 8a) show reversed seasonal behavior because southern swell is maximum in summer whereas northerly
waves are maximum in winter.

The low RMSE values between DNN predictions of beach width and survey observations (<15 m in Southern
California) suggest that machine learning is a valuable tool for estimating the response of beach width to wave
forcing. There is close correspondence between survey observations at TPSB and DNN predictions from 2019
onwards (Figure 1c), a period during which the satellite‐derived shoreline change data were not used to train
the model in the sequential split case. Areas with low DNN skill (where normalized MSE > 0.7, Figures 6c
and 6e) highlight regions where wave, tides, and sea level anomalies alone were not reliable predictors of
beach width. These areas may be influenced by episodic alongshore transport or beach nourishment (not
included in this DNN) or are subjected to higher satellite shoreline retrieval errors (e.g., cliff shadowing and
seepage faces).

Future DNNs could include the role of alongshore transport (e.g., Vitousek et al., 2023) and nourishments. Sxy,
the shear component of the radiation stress can be used as a predictor to account for alongshore sediment
transport. Graph neural networks (e.g., Corso et al., 2024) can be used to model changes in connected
transects simultaneously. As expected, DNN performance is severely degraded by beach nourishments.
Figure 9 shows poor (negative) skills for an Imperial Beach transect (in Southern California) nourished in
September 2012 (Ludka et al., 2018). DNN model results are also degraded by nourishments at Cardiff State
Beach and Newport Beach (not shown). Future work could simulate nourishments as step functions in space
and time.

Beach slopes in California generally vary seasonally, with winter higher slopes often contributing to increased
flooding (Figure 7d). Estimated beach slopes showed lower accuracy at lower elevations (Figure 1a) due to a lack
of sampling during low tide (Figure 2a). Slopes estimated with DNN are complementary to a frequency‐based
technique (Vos et al. (2020) and extend slope estimates from long‐term annual averages to long‐term seasonal
averages. Higher spatial and temporal resolution (than Landsat) data are becoming available and will help fill gaps
and improve shoreline and beach slope estimates.

6. Summary
We combined 23 years of waterline position estimates from satellite imagery with nearshore wave hindcast and
runup models in a flexible deep neural network framework to estimate seasonal changes in beach width and slope.
The DNNs provide improved estimates of the tide and wave contributions to instantaneous shoreline change
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compared to previous parameterizations, and DNN outputs agree with survey‐derived beach widths with about
6 m accuracy (Figures 6d and 6i). Tide and wave model outputs can be used to predict seasonal beach widths and
beach slopes (Figure 8) for over half of California's beaches with fair skill (normalized MSE < 0.7). These data
could be used in TWL flooding estimates at these beaches.

Figure 9. Observations and Deep Neural Network (DNN) model predictions of shoreline change at Imperial Beach (MOP 30), nourished in 2012. Satellite observations
of mean sea level (MSL) shoreline location divided into training, validation, and test data. (a) Divided randomly and (b) divided sequentially. The gray curves connect
the dots. (c) MSL shoreline location versus time field surveys (black). DNN with random (green) and sequential (red) splits. For (d) random and (e) sequential splits,
DNN versus surveyed beach width: training (blue), validation (orange), and test (purple). Performance is poor (negative Test skills) compared with Torrey Pines
(Figure 1) not nourished during the survey period.
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Data Availability Statement
Data processed between 2000 and 2021 using CoastSat are available at Vos (2023). Data from Jan 2021 to Mar
2023 were processed using publicly available CoastSat code (Vos et al., 2019). Code to extract tide and
wave model outputs and generate DNN models is available at Adusumilli (2024). The FES2014 and Sea
Level Anomaly data products are at Aviso through Lyard et al. (2021) and Sánchez‐Román et al. (2023),
respectively.
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