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Accurate prediction of shoreline change is vital for effective coastal planning and management, especially under
increasing climate variabilities. This study explores the applicability of deep learning (DL) techniques, partic-
ularly Long Short-Term Memory (LSTM) and Convolutional Neural Network-LSTM (CNN-LSTM) models, for
shoreline forecasting at monthly to inter-annual timescales, under two modelling approaches—direct input (DI)
and autoregressive (AR). All models demonstrated the ability to reproduce temporal shoreline variability, while
the autoregressive DL models were performing better.

Further, a noise impact assessment revealed that seasonal decomposition and noise filtering significantly
enhanced the model performance. In particular, the models using 52-week data decomposition and residual noise
reduction improved the model performance. The reduction of data noises also resulted in narrower ensemble
prediction envelopes, indicating that ensemble candidate models behave with low diversity. The temporal data
resolution analysis showed that lower data resolutions reduce the predictive performance of the model and at
least fortnightly data are required to satisfactorily capture the trend of variability of the shoreline position at this
beach.

The use of ensemble predictions, derived from a selected subset of model trials based on their collective
performance, proved beneficial by capturing diverse temporal behaviours, thereby offering a quasi-probabilistic
forecast with minimal computational cost. Overall, the study underscores the potential of DL models, particularly
with autoregressive architectures, for reliable and transferable shoreline change prediction. It also emphasizes
the importance of data quality, resolution, and preprocessing in improving model robustness, laying the
groundwork for future research into use of DL in multi-scale shoreline predictions.

1. Introduction

Beaches are crucial parts of our landscapes, which are highly dy-
namic and constantly change due to wave action and other hydrody-
namic drivers. Climate change will have a significant impact on the
beaches, with the possibility of substantial loss of half the sandy beaches
in the world due to coastal erosion (Vousdoukas et al., 2020). It is,
therefore, essential for policymakers and engineers to identify areas at
risk of coastal erosion and flooding in future (Ibaceta and Harley, 2024),
and then sustainably manage them, especially focusing on environ-
mentally and economically high-value areas (Turner et al., 2024).

* Corresponding author.

Beach morphodynamic change prediction is one of the key elements
of coastal change assessment and sustainable management with climate
change adaptation (Brommer and Bochev-van Der Burgh, 2009; Kar-
unarathna et al.,, 2018). Sustainable coastal zone management ap-
proaches and coastal defence schemes can be designed based on an
enhanced understanding and the ability to predict how the beaches
change in short (episodic to seasonal) to medium (i.e. between 1 and 10
years) term time scales, when responding to the uncertain driving forces.

Beach change assessment and prediction can be done either in two-
dimensional planforms considering both cross-shore and alongshore
changes or focusing on the dominant direction of change such as cross-
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sectional profile change or shoreline planform change. Particularly, in
cross-shore sediment transport dominant beaches, predicting the beach
change over these different timescales (storm scale, inter-annual change,
up to decadal scales) is essential (Karunarathna and Reeve, 2013;
Montano et al., 2021), as it allows to differentiate whether the changes
are, periodic or permanent (Barnard et al., 2017; Dodet et al., 2019;
Harley et al., 2017; Masselink et al., 2016; Ranasinghe, 2016).

Conventional numerical coastal morphodynamic prediction models
like DELFT3D (Lesser et al., 2004) and XBeach (Roelvink et al., 2009)
rely on governing equations that simulate physical processes of wave
propagation, hydrodynamics and morphodynamics (Roelvink et al.,
2016). However, these models may demand high computational re-
sources and may have limited applicability when applied to predict
morphological changes in the long-term (Weber de Melo et al., 2023).
Particularly, simulations over a long period of time and longer coastal
stretches and, the need for simulating a wide range of scenarios for
probabilistic predictions (Ranasinghe, 2020), make them computation-
ally expensive and time-consuming. Also, model skills tend to degrade
for medium to longer-term forecasting applications due to a range of
inherent uncertainties (Weber de Melo et al., 2023) and requirements
for simplification of physical processes as in reduced-physics process
models. This may cause them less suitable for long term beach change
(Ibaceta et al., 2022; Montano et al., 2021; Simmons et al., 2017). In
addition, most of the sediment transport equations are empirically
derived and may only partially valid for some types of beaches.

Another group of models that has been developed to reduce the
complexity of conventional process-based models are based on equi-
librium state of the beach (Davidson et al., 2013). In these models, the
driving force disturbance on the equilibrium state of the beach is
emphasised and the evolution of the beach in the short-to long-time
scales is predicted (Davidson and Turner, 2009; Yates et al., 2009,
2011). The Yates et al., 2009 showed that the beach state changes due to
the energy disequilibrium were dependent on the antecedent beach state
and therefore successfully presented ‘beach memory’ in a shoreline
prediction model. When substantial data of historic beach change is
available, data driven modelling approaches provide an alternative for
predicting future beach change Rozynski, 2003 combined Empirical
Orthogonal Functions and Canonical Correlation Analysis (CCA) to
investigate long term bar change at a beach in Poland. Horrillo-Car-
aballo and Reeve, 2010 used CCA to predict beach profile changes over
annual time scales. Karunarathna et al. (2012); Karunarathna and Reeve
(2013) used a hybrid approach that combined a reduced-physics model
and measured beach profile data to predict future beach profile change.
Although mostly site-specific, both the equilibrium, and data-driven
models were successful in reducing the computational demand of
process-based models and provided meaningful beach change
predictions.

The increasing availability of comprehensive, high-resolution beach
change data collected on-site or remotely (Vos et al., 2019), pave the
way to explore new data-driven approaches for beach change fore-
casting. As a result, the use of Machine Learning (ML) for beach change
forecasting is becoming popular (Ibaceta and Harley, 2024; Vitousek
et al., 2023; Vos et al., 2019). ML algorithms learn the correlations be-
tween multiple variables directly from data, capturing patterns and re-
lationships that are difficult to model and parameterised using
traditional methods such as simple empirical or statistical data driven
models (Gomez-de la Pena et al., 2023; Hashemi et al., 2010; Kim and
Lee, 2022; Risha and Liu, 2025). With the proven success in similar
fields such as hydrological forecasting and other environmental-related
fields (Frame et al., 2022; Mai et al., 2022 and several studies), the use of
ML approaches for coastal morphodynamic assessments and forecasting,
is becoming increasingly popular (Adeli et al., 2025; Simmons and
Splinter, 2025) while it is becoming an attractive alternative as long
term morphodynamic datasets are increasingly become available.

It is crucial to ensure that training of ML models is focused on rele-
vant correlations between the driving forces and the outputs, at the
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appropriate timescales. Therefore, the selection of data, their resolution
and the possible driver-dependant relationships, and the optimum data
requirement (Splinter et al., 2013) to represent the morphodynamic
processes adequately, need a careful attention (Kim and Lee, 2022). The
optimum amount of data and the optimised model architecture depend
on the complexity of the process being involved and the capacity of the
selected ML approach to build relationships between the drivers and the
dependent variable from the available data (Splinter et al., 2013).
Therefore, it is essential to understand and apply a comprehensive
model optimisation process to gain the optimum prediction outcomes
from the ML models.

An advanced subfield of ML known as Deep learning (DL) techniques
have become popular for applications needing identification of
nonlinear and complex correlations from the data. For complex coastal
morphodynamic processes that are inherently time-dependent and
influenced by uncertain, dynamic driving forces, DL offers a strong
capability to learn complex temporal dependencies directly from data
(Benidis et al., 2023). Traditional neural networks—the foundational
architecture of deep learning—use feedforward structures where data
flows through stacked layers of interconnected nodes without feedback,
limiting their ability to retain memory of past inputs. This makes them
less suited for time-dependent data. Recurrent Neural Networks (RNNs),
and particularly Long Short-Term Memory (LSTMs) (Hochreiter and
Schmidhuber, 1997), a specific form of RNN, address this limitation by
incorporating feedback loops, enabling them to learn from temporal
contexts (Lindemann et al., 2021). While the LSTMs are widely
acknowledged for time series predictions, several other deep-learning
techniques such as Convolutional Neural Networks (CNN) (Krizhevsky
etal., 2017) have been developed to extract deep features, i.e. short term
fluctuations, temporal shifts, multiple time scale trends and periodic-
ities, from data and to be used alongside LSTMs to improve their ability
to perform better (Zhou et al., 2023). Following the success of the LSTMs
on time-series predictions, a few attempts have been made to apply this
approach to coastal science and engineering. Those include Sea level rise
impact assessment (Accarino et al., 2021; Balogun and Adebisi, 2021),
wave climate forecasting (Lawal et al., 2023), storm prediction (Frifra
et al., 2024; Tiggeloven et al., 2021) and shoreline change (Gomez-de la
Pena et al., 2023) predictions.

Gomez-de La Pena et al. (2023) also used CNN and CNN-LSTM
hybrid approach to predict shoreline change using daily images of
shoreline change for seventeen years using wave-forcing and climatic
indices as inputs to the model. Their results have shown that the 2-year
shoreline prediction with only wave-forcing inputs, out-performed the
benchmark statistical shoreline change models, ShoreFor (Davidson
et al., 2013) and SPADS (Montano et al., 2021; Simmons and Splinter
(2025) explored an autoregressive Multi-Layer Perceptron (MLP) neural
network based, shoreline prediction and the results showed that it is
capable of reproducing the shoreline variabilities at storm dominated
beaches for a time scale long up to a few years. Recently, Chen et al.,
(2025) had applied a modified ShoreFor model (Davidson et al., 2013) at
Hasaki Beach. Their results show suboptimal performance, indicating
that the equilibrium-based modelling approach may have limited suc-
cess in capturing the complex, non-linear shoreline dynamics at this
Hasaki Beach. These empirical equilibrium models may not work for
certain sites (as Chen et al., (2025) have shown the ShoreFor model and
Banno et al., 2020 have shown the Bruun rule, on Hasaki beach). They
may only be good for predictions at certain timescales and certain oc-
currences of wave climates, though they are advantageous in simplicity
and reduced reliance on extensive site-specific calibrations.

Taking shoreline change (defined in Section 3) as a proxy for cross-
shore beach profile change, in this study, we explore two LSTM-driven
techniques, each under two supervised learning approaches for shore-
line change forecasting at the timescales of months to a several years.
Hasaki Beach in Japan is taken as our case study site, described in
Section 2. Our aim here is to demonstrate application of DL for shoreline
prediction by evaluating LSTM models through two supervised
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approaches: (i) direct prediction using wave parameters (Hs, Tp) and,
(ii) an auto-regressive method using previously predicted shorelines
combined with wave parameters. The second approach, which combines
LSTM Deep Learning model with auto-regressive prediction approach
which embed the antecedent shoreline state as a driving force will be a
more realistic approach for shoreline change modelling. We will explore
the stability and predictive robustness of LSTMs, a gated (unique
memory cell incorporated) RNN under an auto-regressive learning
approach (ii), compared to the previously studied direct-input learning
approach (i). It benchmarks both methods and explores hyperparameter
optimisation using Bayesian techniques, presenting both top-performing
models and ensembles to assess robustness. The novelty of our approach
lies in the integration of LSTM-based gated memory with autoregressive
iterative learning, providing new insights into a stable and cost-effective
predictive model.

The study also investigates the impact of noisy inputs, assessing
whether smoothing or decomposition techniques improve perform-
ance—an important consideration given the irregularities common in
real-world beach profile data. Additionally, it examines how input data
frequency (e.g., weekly, fortnightly, and seasonal) influences model
accuracy, offering practical insights for optimal beach monitoring fre-
quencies. By analysing the effects of data quality, preprocessing, and
signal decomposition, this research provides guidance on tailoring LSTM
models, to be trained with ground-measured data, for specific fore-
casting needs, ranging from capturing long-term trends to predicting
short-term fluctuations, thereby supporting a more informed and real-
istic deployment of DL techniques in coastal morphodynamic
predictions.

The rest of the paper is structured as follows: Section 2 of the paper,
describes the study site - Hasaki beach, from which, the data for model
building is derived. In section 3, a brief overview of the modelling ap-
proaches and the DL techniques used in the study, along with the model
development, is presented. Section 4 presents and discusses the results.
Section 6 concludes the paper with conclusive remarks.

2. Study site and data
Hasaki Beach, located in the east coastline of Japan, was selected as

the case study site. Hasaki is a 16 km long, longshore uniform sandy
beach consisting of sediment with median grain size (D50) of 0.18 mm.
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The beach is subjected to a wave-dominated, micro-tidal environment
with a tidal range of circa 1.4 m. The high (HWL), mean (MWL) and low
(LWL) water levels are 1.25 m, 0.65 m and —0.20 m, respectively, with
respect to the datum level at Hasaki (Tokyo Peil —0.69 m) (Kuriyama,
2002). Deepwater waves have been measured off the cost of Hasaki at a
water depth of 24 m, using an ultrasound wave gauge for 20 min every 2
h. The wave data was collected by the Port and Airport Research Insti-
tute of Japan for 32 years from 1987 to 2018. Wave directions have not
been measured. A time series of 2-Hourly significant wave height Hs and
peak period Tp have been derived by the measured wave data. The
long-term mean Hs and Tp determined from the measured wave data are
found to be is 1.35 m (with a standard deviation of 0.73 m) and 8 s (with
a standard deviation of 1.7 s) respectively.

Hasaki has a unique beach profile survey dataset spanning across
several decades since 1987. Weekly cross-shore beach profile measure-
ments are available from the Hasaki Observational Research Station
(HORS) pier which extends offshore to a length of approx. 400m,
facilitating the measurement of profile heights at 5m cross-shore in-
tervals (Banno et al., 2020). Due to the longshore uniformity of the
Hasaki Beach, the profiles measured at HORS are representative of the
entire length of the beach (Kuriyama, 2002). The longshore uniformity
and the high resolution, extensively long beach profile surveys and
concurrent wave measurements, make Hasaki an ideal candidate for
applying data-driven ML techniques for beach change forecasting.

The mean beach profile at Hasaki, determined from cross-shore
profiles measured weekly over 32 years, from 1987 to 2018 (Fig. 1),
has a foreshore-nearshore average slope of approximately 1:40 and an
average intertidal area slope of 1:100 and can be classified as a gentle
sloped beach. The shoreline position data were extracted from the
measured profiles. For this study, the shoreline position is defined as the
x axis coordinate at which the beach profile intersects with the Om
elevation w.r.t the Hasaki Port Datum, in line with previous studies from
(Banno et al., 2020; Banno and Kuriyama, 2014). It is to be noted that
data were arranged such that all chainages are positive.

It should be noted that beach profile data is collected on a weekly
basis, while the wave data is collected at 2-h frequency. To ensure the
same frequency across different variables, we computed the mean Hs
and Tp over a week, and use that to construct a dataset (Hsj.r), Tpjo.1),
SLP|.7)), where 0 is the first data time index and T is the last time index,
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Fig. 1. Observed weekly beach profiles for the period between 1987 and 2018 and the respective water levels for Hasaki beach, Japan. (Mean high water spring
(MHWS), Mean Sea level (MSL), Mean low water spring (MLWS) lines respective to Chart Datum (CD) are shown with horizontal blue lines). The box plots represent
the profile height variation over the time at each interval step of 5m. (For interpretation of the references to colour in this figure legend, the reader is referred to the

Web version of this article.)
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and the subscript [0 : T] represents a sequence of measurements/obser-
vations in the time period, considered for training and testing of the
models. We visualise the time series data constructed, in Fig. 2.

3. Methods
3.1. Modelling approaches

In this paper, our goal is to predict the future values of shoreline
position SLP. The cross-shore beach change, and, consequently, the time
evolution of the shoreline, is primarily driven by the waves acting on the
shoreface where both the significant wave height Hs and the peak wave
period Tp are the dominant drivers. In addition (Pender and Karunar-
athna, 2013; Eichentopf et al., 2020), and several other studies have
found that the antecedent beach state (in this case SLP) also have a
significant impact on the future shoreline changes following wave ac-
tion. With this, we decided to explore two modelling approaches here:

1. Direct Input Model (DI): In this approach, we focus only on utilising
the wave forcing inputs — Hs and Tp directly — to make predictions
without considering the past values of the target variable. Following
setup was used as the model and arrange data inputs accordingly:

SLP; = for(HSpt—k4), TPjt—k4)) (@]

Where k is the time window length in weeks, for the historical obser-
vations (or the time sequence length) on Hs and Tp in the time period
between t — k and t, and SLP, represents predictions at time t.
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2. Autoregressive Model (AR): In this approach, we use the past his-
tory of the target SLP, alongside the wave forcing inputs, to derive at
the future predictions. We express this model as:

SLP, = fpr(HS{—), TPt—k)» SLP}—1)), )

following the notations used in (1), but with the addition of
measured data SLP|,_j at the previous time step t — 1. During the pre-
diction, it will be using the predictions made at the previous time step as
an input, demonstrating a more realistic shoreline evolution. Here it is
called ‘autoregressive’ because the antecedent shoreline position has a
direct influence on the future predictions.

The rationale behind exploring these approaches is to identify how
the deep learning models perform in the presence of prediction feedback
as an input, in other words the ‘beach memory state’, as an input vari-
able. The data structure under above two approaches are given in Annex
01. 3.

It should be noted that in this study, following a preliminary sensi-
tivity analysis through a trial-and-error approach on the sequence length
k, we fixed k = 12, to enable models to learn the correlations among the
wave forcing and the shoreline change using a 12-week past period, to
represent an approximate seasonal duration. k = 12 was found to pro-
vide a suitable balance between capturing relevant temporal de-
pendencies and avoiding overfitting or excessive computational cost.

3.2. Deep learning methods

According to the above setup with a time sequencing nature, we
explored two deep learning techniques which are reputed in time series
forecasting, in particular LSTM (Long short term Memory) and CNN-
LSTM (Convolutional Neural Network incorporated LSTM), to

354 — Hs Weekly
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Fig. 2. Time series of (a) wave heights, weekly mean (b) wave periods, weekly mean (c) absolute shoreline positions data at Hasaki from 1987 to 2018.
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construct data-driven models for fp;(HS_t.q, TPj—k.g) and far(SLPj_yj,
Hst k), TPe—ka))-

LSTM is a special version of neural networks which includes a
‘memory function’ in the neuron cells (Hochreiter and Schmidhuber,
1997), which distinguishes them from the regular neural networks. This
‘memory function’ provides a unique ability to retain certain data
relationship information in the cells for a certain time period and learn
the sequential dependencies. This makes LSTMs a favourable candidate
for time series predictions. CNNs apply convolutional filters to extract
features from input data. Though originally used in computer vision
(Lecun et al., 1998), they are now applied to data sequences. CNNs are
faster to train and require fewer parameters than fully connected net-
works, as they rely on localized filtering rather than full connections
(Albawi et al., 2017). In time series forecasting, CNNs are used to effi-
ciently capture local patterns and short-term dependencies in the data.
Combining CNNs with LSTMs leverages the strength of both architec-
tures, making CNN-LSTM models well-suited to capture both local fea-
tures and long-term temporal dependencies in time series data (Shi et al.,
2015; Zhao et al., 2017). Here, we refrain from providing detailed
mathematical and architectural descriptions of these methods as this is
readily available from existing literature. Interested readers should refer
to the work of Benidis et al., (2022), for a detailed tutorial and survey on
the topic of deep learning in the context of time series forecasting.

In this study, two different LSTM types, multi-layer stacked LSTM
(named ‘LSTM’ hereafter) and CNN layers stacked LSTMs (hereafter
known as ‘CNN-LSTM’) will be used to predict time dependent shoreline
position at Hasaki Beach using two modelling approaches. The direct
input models will be noted as LSTMp; and CNN-LSTMp;, and the
autoregressive models will be denoted as LSTMar and CNN-LSTMjg. (A
detailed description of the LSTM cell structure, CNN-LSTM layer struc-
ture and auto-regressive predictive approach is provided in Annex 01.)

3.3. Model training

The models were trained using data, prepared according to standard
data feature engineering methods as follows. The data available at
weekly resolution, was split into training and testing subsets. Following
a data distribution analysis, and with the intention of allowing models to
be trained and be able to capture as much temporal variations as
possible, the first 30 years of data were used for training (Both training
and validation) purpose, while the last 2 years of data were used to test
the final model performance (as unseen observations).

The data sets were normalised using ‘min-max normalisation’, based
on the minimum and maximum values of the input data at the training
set and both sets were transformed (scaled) to a range between 0 and 1.
This was done to ensure that all features contribute equally to the
learning process and no information from the ‘testing period” was used
during the ‘training’. This scaling transformation is important especially
in neural networks where unscaled features can lead to unstable gradi-
ents, slower convergence, or biased weight updates. This helps to keep
the model weights numerically stable and improves the overall training
efficiency, particularly for models like LSTMs that are sensitive to input
magnitude over time.

It is important to note that, the structure of any LSTM in general, is
defined based on a set of model-defining higher-order sets of parameters
called ‘hyperparameters’ (HP). These HPs decides the depth, memory
capacity and the network’s ability to learn the features and patterns
from the input feature data. Therefore, it is essential to figure out an
optimum set of HPs which defines an optimum model (providing the
lowest loss function value on a separate validation set, which is not used
to train) through a Hyperparameter Optimisation (HPO) process. This
can be computationally expensive and yet not yield the optimum model
which can generalise the model well for any input dataset, due to the
inherent characteristic of the machine learning models and therefore is
biased and depend on the data used to train the model. The process used
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for each of the model and their parameter space is being stated in section
3.4 under ‘Hyperparameter Optimisation via cross validation’.

For the model training we optimised a modified Mielke’s loss func-
tion (Duveiller et al., 2016) through the standard ‘Adam’ optimiser. This
Mielke’s loss function combines the error magnitude (in terms of Mean
Square Error between model prediction and observed values, MSE) and
agreement in trend (in terms of correlation coefficient, r), and defined as
below.

El

(SLPi — SLPi)*
Mielke's loss (SLP, SLP) = . —
Osip? + 0gip? + (SLP — SLPi)* + k

]
-

3

where x — { 2:|cov(SLP, S/L?).\,ifr <0
0, otherwise

and SLPi, .STLTJi, SLP represents the observed, model predicted and
mean observed shoreline position values, os;p?, asipz represents vari-
ances of observed and modelled shoreline position values, r represents
the correlation coefficient. The conditional kappa term depends on the r
and valued at 2 times covariance or zero.

As described in equation (3), Mielke’s loss function computes the loss
accounting for both the variance structure of observed and model pre-
dicted series and the bias between them. This allows to weight larger
errors more heavily when they occur at high variance periods such as
during storm-induced shoreline erosion events. This results in a more
context-aware loss landscape that emphasizes accurate reproduction of
high-impact dynamic events. This has also been confirmed by Gomez-de
la Pena et al., 2023 where Mielke’s loss function has yielded improved
performance evaluation over the conventional MSE loss function to train
the model.

3.4. Hyperparameter optimisation via cross validation

In order to increase the possibility of reaching at the optimised HP
combination within the selected HP space efficiently, a Bayesian Opti-
misation (BO) method based HPO technique was used in this study.
Bayesian optimisation, particularly when combined with Tree Parzen
Estimators (TPE) sampling (Watanabe, 2023), is a reputed method for
HPO in LSTM networks (Snoek et al., 2012). It efficiently explores
hyperparameter space by modelling the objective function (here the
error on the validation set) probabilistically and selecting the next HP
combination where improvement is most likely, balancing exploration
(searching regions of the space that are least tested) and exploitation
(focusing on regions known to yield good performance), (Bergstra et al.,
2013). Each HP model at all HPO trials, was individually trained and
validated on five different subsets of the ‘training data set’. In each fold,
a different size split of the training data to train the model (‘train set’)
and validation set to validate (‘validation set’), is used, preserving the
time sequencing. This ‘time-series cross-validation” was used to reduce
the risk of overfitting and to improve the model generalisation to unseen
data (Bergmeir and Benitez, 2012) as it retains the time sequencing
order of the data (Gorriz et al., 2024).The average RMSE on five vali-
dation sets was considered to rank the trials on the HPO, which provides
more generalised model training and validation. With the intention of
maintaining a reasonable computational time on optimisation and ac-
count for number of hyperparameters in each model type, the number of
HP trial runs was limited to 100 for LSTM models (LSTMp;, LSTMag )
and 150 for CNN-LSTM models (CNN-LSTMp;, CNN-LSTMag ). HPO was
carried out using the state-of-the-art ‘Optuna’ package (Akiba et al.,
2019). The specific HP ranges used for the HPO of LSTM and CNN-LSTM
models are presented in Table 1.

Based on the ranks from the HPO, the performance of the ‘best op-
timum’ trial model (named as best optimised HP model, hereafter) is
assessed using the ‘testing set’, which is the prediction duration. (kept
unseen during training and validation process). This results in a single
deterministic prediction, based on the unique set of correlations learnt
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Table 1

Hyperparameter space selected to optimised for each LSTM model.
Hyperparameters LSTM CNN-LSTM

Lower/Upper limits Lower/Upper limits

Layers 2,4 2,4
Nodes 50, 300 50, 300
Learning rate 0.001, 0.01 0.001, 0.01
Batch size 24, 92 [steps = 8] 24, 92 [steps = 8]
Epochs 50, 200 50, 200
Dropout rate 0.1,0.4 0.1, 0.4
Kernels - 24, 64 [steps = 8]
Kernel/filter size - 2,4

by the optimised HP model.

Each trial model in the HPO with different HPs, has been trained
individually, resulted in a distinct model capable of capturing different
temporal dependencies. Therefore, to reflect the model diversity and
incorporate a broader range of learned temporal patterns, it was decided
to produce an ensemble using the predictions of model variants from the
HPO (Mienye and Sun, 2022). The 10 trial models which perform best
‘together as an ensemble’ among the HPO trial runs are selected to
produce the ensemble (Lévesque et al., 2016). The ‘mean ensemble’
prediction was generated to represent the average prediction, hereafter
referred to as the ‘mean ensemble’ prediction. The prediction envelope
was produced from this ensemble using the minimum and maximum
prediction at each time step. This ensemble approach captures model
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diversity rooted in hyperparameter variability and mitigates potential
biases tied to selecting a single optimum model—biases that can stem
from the HPO process and its defined search space. The ‘mean ensemble’
prediction is also a way of representing the uncertainty tied into a single
model structure (Prince, 2023), though it is not focused here. The
workflow structure used in all models is shown in Fig. 3.

3.5. Performance evaluation

A standard performance matrix was used to evaluate the predictions
against the measured shorelines, including RMSE, normalised RMSE,
Pearson correlation coefficient (r), and Mielke’s Index—capturing multi-
dimensional performance aspects rather than relying solely on error-
based assessment. Normalised RMSE (NRMSE) in the performance ma-
trix is defined as,

RMSE
(max(y,) — min(y,))

NRMSE = (€)]
Where, RMSE is the Root Mean Square Error between predicted and
observed values, max(y,) is the maximum of the observed values,
min(y,) is the minimum of the observed values and y, represents the
true (observed) values over time. NRMSE was used to evaluate the
prediction error, relative to the scale of the data, making it a more
comprehensive comparison measure. Mielke’s Index of Agreement (MI)
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Fig. 3. The workflow structure used in general (irrespective of the model type and modelling approach). Train_x_fold, Train_y_fold, Validation_x_fold, Vali-
dation_y_fold, Testing X, Testing_Y denotes the Inputs and targets at each of the split during the cross-validation process.
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is defined as,

>3
MI=1-—"! ©)
3 (e =3+ 7 =71

t=1

Where, y, is the observed value at time step t, y, is the predicted value at
time step t, y is the mean of the observed values and n is the time steps
predicted. MI evaluates both the accuracy and precision of the pre-
dictions, being sensitive to systematic deviations and magnitude dif-
ferences. To evaluate the prediction ensemble, apart from the above
measures, two additional parameters were considered. The empirical
coverage probability (ECP) is defined as,

1 ¢ SIS .
ECP= (ﬁ ;I. {yee [ytL,y[U} }) *100% (6)

Where, yf and ?tU are the lower and upper bounds of the prediction
envelope at time ¢, I{.} is an indicator function that returns 1 if the true
value y, lies within the interval [AtL,th], and 0 otherwise. N is the total
number of time steps predicted. Here, ECP measures how often the true
shoreline position falls within this envelope and will be an assessment of
the reliability of the diverse model envelope. The average bandwidth is
calculated to reflects the tightness or spread of the envelope (Schall,
2012) and defined as,

N
Average Band Width = <;,* (% C -y zL)> &)
t=1

Where, (yt” 7§tL) is the width of the prediction band at time step t.
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4. Results and discussion

The four model types described in section 3.2, were trained and
validated using the measured shoreline position data allocated for
training and, the shoreline position predictions were carried out ac-
cording to the procedure described in section 3.4. The shoreline posi-
tions predicted by the ‘best optimised” model and the ‘mean ensemble’
are compared with the measured shoreline positions for the testing
period, for each model type, based on the performance matrix, to
explore each model type’s predictive capacities. Then the selected model
based on performance and complexity, was used to explore the impacts
of the quality (noise) and the quantity (resolution) of data on model’s
predictive capability.

4.1. Model comparison

Fig. 4(a) compares the shoreline position prediction from the ‘best
optimised’ model of the four model types, during the testing period. All
four models capture the trend of variability of the measured shoreline
position although the predictions from the ‘auto-regressive’ models
(LSTMar ; CNN — LSTMjyg ), is seen to out-perform the other two,
slightly. A similar comparison of ‘mean ensemble’ shoreline prediction
from the four models is shown in Fig. 4(b).

Similar to the ‘best optimised’ model prediction, all four ‘mean
ensemble’ predictions follow the trend of the measured shoreline posi-
tion, though they do not follow short term fluctuations (weekly level), in
common. The temporal variability of the ‘mean ensemble’ prediction of
the shoreline positions from all four models are smoother than that from
the ‘best optimised’ predictions. The full performance matrix of all
predictions is given in Table 2. The ‘best optimised’” CNN — LSTMag ,
prediction has lowest RMSE, NRMSE and MPE, and the highest r, among
the best optimised models. Considering the ‘mean ensemble’
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Fig. 4. (a) ‘best optimised’ model (b) ‘mean ensemble’ model predicted shoreline position from all models compared with the measured shoreline position.
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Table 2

Coastal Engineering 203 (2026) 104856

The performance matrix for the models for model application performance assessment.

Model Optimised HP model Mean of Ensemble models
RMSE (m) r MPE Mielke’s Index NRMSE (m) RMSE (m) r MPE Mielke’s Index NRMSE (m)
% %
LSTM p; 13.51 0.45 -0.16 0.40 0.24 12.53 0.57 0.27 0.55 0.22
LSTM ar 12.04 0.61 —2.08 0.57 0.21 12.84 0.69 —4.09 0.63 0.23
CNN-LSTM p; 12.35 0.57 0.27 0.57 0.22 12.77 0.57 -0.79 0.56 0.23
CNN-LSTM agr 11.83 0.63 -2.27 0.57 0.21 11.71 0.69 -3.23 0.63 0.21

predictions, they show similar results with CNN — LSTMagr shows stand
out ensemble performance among others. Though it produces lowest
RMSE and NRMSE values, the r value is highest and equal to the
LSTMar . Considering the MI, the LSTMagr produces the best combined
performance with the highest 0.69 for the ‘mean ensembles’ and equal
highest of 0.57 for the ‘best optimised” models.

Data density plots comparing the predicted shoreline positions from
the ‘best optimised’ models of the four model types are shown in Fig. 5.
The broken white line shows the perfect correlation between the pre-
dicted and measured shorelines. It can be seen that the data density
surrounding the perfect correlation line is the largest for the ‘auto
regressive’ models while they spread throughout.

indicating that auto regressive models perform well when predicting
shoreline change under different levels of severity of forcing conditions
where shoreline positions vary around the average. Also, the LSTMar
and CNN — LSTMsr models (Fig. 5(a) and (b)) demonstrate similar
predictions at the higher shoreline positions, although they over predict
the smaller shoreline positions. The data density plots of mean ensemble
predictions (Fig. 5 (e), (f), (g) and (h)) shows better prediction spread
and correlation with the observed values, compared to the ‘optimised’
models.

Fig. 6(a), (b), (c) and (d) show the envelopes of the shoreline posi-
tions predicted from the ensembles of LSTMp;, LSTMar, CNN —
LSTMp; , and CNN — LSTMag , respectively. The prediction from the
‘best optimised’ model, the ‘mean ensemble’ prediction and the
measured shoreline positions are also shown for comparison. The
average ECP and the average bandwidth of the envelopes over the
prediction period is given in Table 3.

The ensemble prediction envelope from the LSTMp; model (Fig. 6
(a)) gives a narrow ensemble envelop, with an average envelop width of
10.50 m. Around 20.4 % of the measured shoreline positions fell within
the envelope. The ‘mean ensemble’ shoreline position prediction closely
follows the prediction from the ‘best optimised’ model, showing con-
sistency and lower diversity in the ensemble prediction. The ensemble
envelope of shoreline position predictions from the LSTMsr model is
shown in Fig. 6(b). It produces the widest prediction envelop among the
four model types with average envelop width of 27.7 m, while 65.3 % of
the true shoreline positions fall within this envelop. This indicates the
high diversity among the candidate models in the ensemble. The
shoreline prediction from the ‘best optimised’ model closely follows the
‘mean ensemble’ prediction.

As can be seen in Fig. 6(c), the ensemble shoreline prediction en-
velope from the CNN — LSTMp; is narrower than that from the LSTMagr
and is highly fluctuating. The average ECP is 51.6 %, while the average
envelop bandwidth is 19.5 m. The predictions from the ‘best optimised’
model and the ‘mean ensemble’ prediction are very similar, though the
predictions show a high level of smoothness. While the ‘best optimised’
model in this case shows a better performance compared to the pre-
dictions from the other direct input model, LSTMp , the mean ensemble
performances are quite similar, indicating that the CNN inclusion has
not had much impacted the model performance is considered as an
ensemble mean. However, the wider ensemble bandwidth which cap-
tures over 50 % of observed values, compared to 20.4 % in LSTMp;
shows large diversity the CNN can integrate, when an ensemble is
considered.

Fig. 6(d) shows the ensemble shoreline prediction envelop from the
CNN — LSTMar model. The average bandwidth of the envelop is 23.4 m
and higher than both DI models, indicating high diversity among the
candidate models in the ensemble. Over 71.4 % of the true shoreline fell
within the envelop which is also the highest among all models. The
prediction from the ‘best optimum’ variant and median ensemble are
very similar, indicating good ensemble performance in terms of diversity
and accuracy.

Overall, all four models have been able to perform satisfactorily at
predicting temporal trends of shoreline position variability, particularly
considering the past 12-week long memory state. All four models cap-
ture the trend of variability of the shoreline although some deviation can
be seen when the shoreline position is smaller (indicating a retrieval).
The mean ensemble produces better diverse performance, through a
prediction envelope, indicating the diversity of the predictions from the
ensemble candidates. Also, it reduces the dependency on a model with a
single set of HPs. Even though auto-regressive models are expected to
propagate the prediction errors forward, they perform better than the
direct input models, potentially due to the taking the antecedent
shoreline position as an input driver. Considering the performance
matrix and the prediction envelops, the CNN — LSTMar model performs
marginally better than LSTMar . However, it was decided to use
LSTMar model in the proceeding analysis and discussions, as it per-
forms closely to the CNN — LSTM,r and shows a better spread of pre-
dictions for both ‘optimised’ and ‘mean ensemble’ models. It also has a
relatively simpler model structure with a smaller number of HPs to be
optimised, requiring less HP trial models in the HPO, which will result in
less computational resource requirement.

4.2. The effect of data quality and quantity on shoreline position
predictions

The performance of ML models on predicting time series data de-
pends on the data quality, noise, frequency and quantity. In this pro-
ceeding analysis, the impact of data noise on the time-dependent
shoreline position predictions are investigated based on the ‘LSTMag’
model. The shoreline positions predicted based on the weekly wave and
shoreline position data (hereafter known as original data) using the
LSTMar model is taken as the baseline scenario for this assessment.

4.2.1. Impact of short term fluctuations of the input driving force data on
the shoreline predictability

Preliminary investigations have shown that the performance of
LSTM models is sensitive to short term fluctuations of the input driving
force time series data that may be caused by physically meaningful
events such as storm induced erosion) or irregular variations (data
inherent noise). This can adversely impact model training and predictive
performance, particularly in autoregressive forecasting setups. There-
fore, it may be worthwhile exploring the optimal level of data fluctua-
tions that can provide the desired timescales of trends of shoreline
variabilities, through the model outcomes, without compromising the
quality of prediction at the timescale of interest, although data inherent
noise is out of scope of this study. Here we will investigate the sensitivity
of the shoreline predictions to the short-term fluctuations of the
measured data.
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As the first scenario, the weekly input data (wave forcing and
shoreline position) were pre-processed using the commonly known
‘moving averaging’ technique to eliminate a known short term fluctu-
ation level (described later using the defined ‘Noise ratio’ and ‘variance
ratio’). Our focus here is on the monthly to annual scale shoreline

10

change. Therefore, following a preliminary sensitivity analysis carried
out involving a number of different moving averaging window sizes, a 4-
week window was selected. This is expected to provide a balanced level
of smoothing which is sufficient to suppress high-frequency variations
(e.g., storm-scale events to weekly scale variations), while preserving
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Table 3

Average ECP and average bandwidth of the shoreline position predictions from the
selected ensembles of the LSTMp; , LSTMag , CNN — LSTMp; , and CNN— LSTMar
models.

Model ECP% Avg. band width (m)
LSTM p; 20.43 10.46
LSTM ar 65.22 27.77
CNN-LSTM p; 51.61 19.51
CNN-LSTM ar 71.47 23.37

the underlying trends relevant to our prediction timescale. Then, Fast
Fourier Transform (FFT) was carried out was carried out on the
demeaned data to decompose the time series and identify key periodic
trends of variation of the shoreline position at timescales of months-to-
annual and beyond (Table 4, Fig. 7). From the identified dominant fre-
quencies, two prominent bi-annual (26 weeks), annual (52 weeks)
trends of variability of both shoreline position and wave climate within
the timescale of our interest were selected as they would represent short-
medium term (inter-seasonal and annual) shoreline variabilities. The
time series of wave forcing and shoreline position data were decom-
posed into 26- and 52-week trends, seasonalities and remaining
residuals.

Then, the residual component (which we represent here as the short-
term fluctuation) at each period was reduced by applying a set of
selected noise reduction factors, NF (0, 0.25, 0.5, 0.75) to simulate
equally distributed noise level scenarios. NF ranges between 0 and 1,
where 0 represents full fluctuation removal and, 1 retains the original
short term fluctuation. The chosen values were selected to represent
equally spaced increments across this range, allowing for a structured
evaluation of model performance under progressively reduced noise
conditions. Following that, the time series were reconstructed by
combining the noise reduced residuals with the primary trend compo-
nents, ensuring the trends were retained at the different level noised
reduced data. The summary of the model variants built based on all data
noise reduction methods are given in Table 5. Two measures were used
to compare the noise in each scenario, compared to the original shore-
line time series data. The ‘variance ratio’ was calculated as the ratio
between variance of the smoothed time series data and the original
weekly time series data. The ‘Noise ratio’ was calculated as the ratio
between variance of the smoothed time series data and the variance of
noise, where noise is calculated as the difference between original time
series and smoothed time series at each time step. The input data dis-
tribution in each variant for all input parameters are given in the box-
plots (for training and testing sets separately) in Fig. 8. It can be
observed how the data noise is lowered in noise reduced scenarios, when
compared with the baseline scenario.

The performance of ‘LSTMar’ model, which is selected for our
application, was evaluated against different forcing data noise levels
(Table 5) by comparing shoreline position predictions against the testing
dataset (Fig. 9). The models were trained and cross-validated, and the
‘best optimised’ model from the HPO optimisation and the ‘mean
ensemble’ prediction were selected following the same methods
described earlier in this section.

Table 4
Results of FFT decomposition of the shoreline time series.
Periods correspond to Approx. in Interpretation
dominant frequencies Time
(weeks)
417.75 8 years Long-term trend
238.71 4.5 years Multi-year periodicity, possibly related
to climatic variabilities in the North
Pacific Ocean
52.22 1 year Annual cycle (most dominant)
26.11 6 months Biannual/semi-annual cycle
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The trend of variability of the predicted shoreline positions from all
noise-reduced model variants are in general in good agreement (overall
average of ‘best optimised’ model, NRMSE = 0.21 m and ‘mean
ensemble’, NRMSE = 0.215 m) with the ‘measured’ (before smoothing)
shoreline position trends, as observed in Fig. 9. This indicates that
reasonable predictions of trends of variability of the shoreline position
can be obtained from smoothed data, if smoothing is carefully done to
retain the trends of variability of the shoreline position at the required
timescale. The performance matrix of all models compared with
smoothed shoreline positions is shown in Table 6, and in visual form
with radar plots in Fig. 10. The shoreline predictions from both the ‘best
optimised’ model and the ‘mean ensemble’ of all noise-reduced model
variants give lower RMSE values (less than 9.74 m and 11.02 m
respectively) when compared to the baseline model prediction with
original data (‘best optimised’ models RMSE of 12.04 m and, ‘mean
ensemble’ RMSE of 12.84 m). They tend to improve in all MI, r, and
NRMSE values as the noise level (Noise ratio) reduces, except for few
scenarios.

The model with 52-week seasonal decomposition and 0.25 NF
(SD52_ NF = 0.25) gives the best overall performance for both ‘best
optimised” model prediction and the ‘mean ensemble’ prediction, with
the lowest RMSEs of 3.41 m (NRMSE = 0.09 m) and 3.57 m (NRMSE =
0.09 m), respectively among all scenarios. In general, the model variants
with lower NF values (lower residual noise level included), gave better
predictions, with only notable exception being the SD52 NF = 0 model
which performs worse than SD52_NF = 0_25 scenario. This can also be
visually observed in Fig. 10 in which the SD52 NF = 0.25 model sce-
nario falls entirely within the 3rd quarter of the radar plot and the
majority of the model scenarios with lower NF values also falls within
the 3rd quarter. The LSTMar MMA model (grey) which was used as the
benchmark for noise reduction (which has a noise ratio similar to the
noise ratios of LSTM ag SD26_NF = 0.50 and LSTM ar SD52_NF = 0.5)
shows poor performance, compared to the similar noise ratio input
models and mostly falls in the 1st and 4th quarters. All model scenarios
have better r and MI values (expect for the LSTM ag SD52_NF = 0.75,
‘mean ensemble’ which, produces a marginally lower MI value) than the
baseline LSTMar model, indicating that agreement between model
predictions and measured data, has improved with noise reduction.
(Fig. 10(a) and (b)). Another notable fact is that the best optimised
models perform better than the ‘mean ensembles’ when smoothed data
were used. This may be due to the increased ability of optimisation to
find an ‘optimum model’ with less noisy and trend-revelling data. Mean
ensembles which capture the diverse trends may have produced slightly
diverse trend variabilities.

A quantitative analysis on the improvement of the model perfor-
mance as a result of the level of short term fluctuations smoothed in the
shoreline position data series used is given in the Annex 02. The per-
formance in terms of the normalised RMSE and Mielke’s Index against
the level of short term fluctuations (given in Table 5), is used in this
analysis. The percentage improvement (compared to the baseline
LSTMyR) of the selected performance indicators (Normalised RMSE and
Mielke’s Index) from the baseline LSTM4g model is given in the Annex
02, Table A5.1. It can be observed that LSTMsg MMA slightly deviates
from the gradual performance improvement trends, even with a signif-
icantly low ‘Noise ratios’, but with a high ‘variance ratios. The moving
averaging could not retain the underlying trends or remove the desired
short-term fluctuations appropriate for the focused timescales of the
predictions. Therefore, the model training and prediction may still be
impacted either by a degree of ‘retaining level of fluctuations’ or by ‘the
loss of important trends’, compared to other scenarios. This result shows
that certain desirable predictability improvement can be achieved with
some degree of input data series smoothing, without compromising the
underlying trends of variabilities at the desired timescales.
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Fig. 7. Frequency spectrum of shoreline position variability after FFT (dominant frequencies are highlighted in red). (For interpretation of the references to colour in

this figure legend, the reader is referred to the Web version of this article.)

Table 5

Model scenarios developed for model performance assessment on different levels of data noise.

Model Dataset Noise reduction Seasonality (for SD) Variance ratio Noise ratio
LSTM R (baseline) Weekly - - 1 -
LSTM agr MMA Weekly average - 0.84 4.26
LSTM ag SD26_NF = 0.75 Weekly Residuals 0.25 26 weeks 0.84 31.06
LSTM g SD26_NF = 0.50 Weekly Residuals 0.5 26 weeks 0.72 8.14
LSTM ar SD26_NF = 0.25 Weekly Residuals 0.75 26 weeks 0.64 3.35
LSTM g SD26_NF = 0 Weekly Residuals 1.0 26 weeks 0.6 1.8
LSTM ag SD52 NF = 0.75 Weekly Residuals 0.25 52 weeks 0.82 23.67
LSTM ag SD52 NF = 0.50 Weekly Residuals 0.5 52 weeks 0.7 6.62
LSTM ag SD52 NF = 0.25 Weekly Residuals 0.75 52 weeks 0.63 2.79
LSTM g SD52_NF = 0 Weekly Residuals 1.0 52 weeks 0.6 1.54

4.2.2. Impact of data resolution and data availability on the shoreline
prediction

The availability of high-frequency coastal change data over long time
periods is scarce. Only a few sites around the world currently possess
such datasets (Banno et al., 2020). Although some remotely sensed data,
such as the data collected from satellites, may address the issue of time
resolution, often their spatial resolution may not be adequate to accu-
rately resolve important coastal morphodynamic features (Vitousek
et al., 2023). Coastal monitoring is an expensive and time-consuming
task. Therefore, it will be useful to explore the desirable measuring
frequencies and data lengths that will allow meaningful and
decision-supportive predictions from data-driven techniques so that
monitoring efforts can be optimised.

The impact of data resolution on predicting shoreline change is
investigated here by utilising a simple data reduction technique by
selecting data at pre-selected intervals. The three data reduction sce-
narios compared to the original weekly data resolution scenario (base-
line model, LSTMag ) were summarised below in Table 8. The scenarios
were derived by training and testing the ‘LSTMgr * model using fort-
nightly (every two weeks), monthly (every 4 weeks), and inter-seasonal
(twice in every season, every 6 weeks), wave forcing and shoreline po-
sition datasets. To represent real time monitoring, the data were
temporally downsampled with measured values at each resolution,
rather than averaging. Their predictive performance was compared with
that of the model built on weekly shoreline data (LSTMag — baseline
model). It is to be noted that the lowering of the data resolution in-turn
reduces the data length available for model training and prediction, and
this is given in Table 7.

A comparison of shoreline predictions from all four original and
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reduced data scenarios (given in Table 7) for both ‘best optimised’
model and the ‘mean ensemble’ prediction, along with a comparison
with measure data is shown in Fig. 11. The predictions from the ‘best
optimised’ models of all scenarios show worse performance compared to
baseline ‘LSTMag * model at weekly resolution. The predictions from the
‘mean ensemble’ predictions based on the fortnightly data closely follow
the trend of variability of the shoreline position and show marginally
better performance (NRMSE of 0.218 m) compared to the baseline
model (NRMSE of 0.227 m). The ‘mean ensemble’ model predictions
with both monthly and bi-seasonal data do not follow the trend of
variability of the measured shoreline position and worse than the
baseline model prediction.

The ‘mean ensemble’ produces slightly better performance in terms
of capturing trend variability, though it unable to capture shoreline
accretions accurately. It appears that ensemble balances the lower data
resolution limitation by several candidates capturing and aggregating
multiple learnt trends, contributing to producing a better mean predic-
tion. This result reflects the fact that, the predictive capacity of LSTM
model (even with an auto-regressive modelling approach) reduces with
reduction in input data frequency. Furthermore, having a coarser data
resolution may have omitted important shoreline variations such as
storm induced erosion, which make model unable to capture and learn
these variations through the beach memory state. The results reveal that
fortnightly shoreline measurements may be adequate to predict the
overall trend of variability of the shoreline change at timescales of
seasons and above up to few years, at this beach, though it is highly a
site-specific result outcome at this Hasaki beach.

Banno et al. (2020) highlighted that the Hasaki beach morphology
demonstrates both long-term and short-term variations, but these
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Fig. 8. Data distribution box plots for all scenarios (SD — Seasonal Decomposition, NF — Noise factor considered). Red lines = median, box edges top and bottom = Q3
and Q1 quartiles, whiskers at top and bottom = Q3 + 1.5 * IQR and Q1 - 1.5 * IQR, where IQR is the interquartile range (Q3-Q1), black circles represent outliers,
beyond the whiskers, as per standard notation. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of

this article.)

Data distribution weekly data
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Data distribution monthly MA data
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. 9. (a) ‘Best” optimised model and (b) ‘mean ensemble’ prediction forecasted shoreline position for all model scenarios with different noise levels.
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Table 6
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The performance matrix for the models for performance assessment on data noise assessment scenarios.

Model Optimised HP model Mean Ensemble model
RMSE (m) r MI NRMSE (m) RMSE (m) r MI NRMSE (m)
LSTM 4R (baseline) 12.04 0.61 0.57 0.21 12.84 0.69 0.63 0.23
LSTM ar MMA 9.74 0.75 0.68 0.20 9.08 0.75 0.70 0.18
LSTM 4r SD26_NF = 0.75 8.74 0.76 0.72 0.18 8.87 0.76 0.73 0.18
LSTM g SD26_NF = 0.50 7.60 0.83 0.82 0.16 9.81 0.82 0.72 0.21
LSTM g SD26_NF = 0.25 5.98 0.88 0.87 0.13 5.62 0.89 0.87 0.13
LSTM Ar SD26_NF = 0 4.22 0.92 0.91 0.09 6.31 0.91 0.77 0.14
LSTM agr SD52_NF = 0.75 9.14 0.61 0.60 0.21 11.02 0.74 0.62 0.25
LSTM g SD52_NF = 0.50 5.77 0.82 0.79 0.15 9.06 0.84 0.68 0.23
LSTM Ar SD52_NF = 0.25 3.41 0.93 0.92 0.09 3.57 0.92 0.91 0.09
LSTM g SD52 NF = 0 4.66 0.92 0.88 0.12 7.60 0.94 0.71 0.19
NRMSE NRMSE
Pearson I se== RMSE Pearson r « as= RMSE

Mielke's Index
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Fig. 10. Radar plots of performance matrix (normalised) (a) for Optimised models, (b) ‘mean ensemble’ predictions for all model scenarios for performance

assessment on data noise reduction level.

changes are mostly associated with physical processes of bar behaviour
and berm evolution, which are cyclical and seasonal rather than
week-to-week stochastic shifts. This study further shows that while
monthly variability exists, it is not abrupt or random in nature. The bar
movements, for instance, were shown to evolve gradually over
multi-month to multi-year cycles, consistent with previous conceptual
models of bar dynamics (Ruessink and Kroon, 1994; Kuriyama et al.,
2002). Using the monthly standard deviation of profile elevations,
mostly in the bar regions, it has shown substantial morphological ad-
justments occur within monthly windows. To capture these monthly to

Table 7
Model scenarios for data resolution impact assessment.

yearly trends of the driving processes, weekly resolution input data may
not necessarily yield additional critical insight, especially under non--
extreme conditions. Therefore, as the results revealed above, a two-week
temporal resolution provides a sufficient and fair compromise between
having coarser resolution (fortnightly, compared to weekly) and still
capturing the important physical processes accurately.

5. Concluding remarks

In this study, we demonstrate the applicability of LSTM-based deep

Model Inputs Predictive output Dataset Amount of training data Amount of data for prediction
LSTMar (baseline model) Hs(t-k: t), SLP(t) weekly 1555 92
Tp(t-k: t), SLP(t-1)
LSTMar fortnightly same same fortnightly 778 46
LSTMar monthly same same monthly 357 20
LSTMjr inter seasonally same same inter-seasonally 259 16
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Table 8
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The performance matrix for the models for performance on input forcing data resolution assessment scenarios.

Model Optimised HP model Mean of Ensemble models
RMSE (m) r Mielke’s Index NRMSE (m) RMSE (m) r Mielke’s Index NRMSE (m)
LSTM ar 12.04 0.61 0.57 0.21 12.84 0.69 0.63 0.23
LSTM 4R Fortnightly 15.05 0.68 0.47 0.27 12.12 0.72 0.63 0.22
LSTM ar Monthly 15.52 0.32 0.25 0.29 15.19 0.41 0.29 0.28
LSTM Ar Semi Seasonally 15.30 0.70 0.42 0.28 13.98 0.69 0.47 0.25
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Fig. 11. ‘Best optimised’ model prediction, ‘mean ensemble’ prediction and ‘ensemble’ prediction envelope for all model scenarios in Table 8 for data resolution
impact assessment. (a) baseline (weekly resolution) (b) fortnightly resolution (c) monthly resolution (d) semi-seasonal (6 weeks) resolution, using the

LSTMyr model.

learning techniques to predict time-dependent shoreline position change
of a wave dominated, micro-tidal sandy beach. This exploratory appli-
cation of two LSTM neural networks (LSTM and CNN-LSTM) under two
modelling approaches (direct driving force inputs (DI) and auto-
regressive (AR) shoreline input in addition to driving force inputs) as
predictive models show that LSTMs can be a promising tool for pre-
dicting time-dependent trends of variability of the shoreline position at
this beach at the timescales of months to a few years. However, their
success as a predictive tool is governed by the availability of an adequate
amount of high-quality input data. Also we note that considering the
extreme reliance of the modelling approach on data, testing the method
on different sites may be necessary to reinforce its efficacy under varying
site conditions and beach types.

Although all four model types were able to capture the trends of time
variability of the shoreline position at the Hasaki beach, the LSTMar
and CNN — LSTMr models, which incorporate the effect of ‘antecedent
beach state’ in predicting the shoreline evolution are found to be better
than the direct input models. This signifies the importance of the ante-
cedent beach state on future change of the shoreline position, despite the
fact that, the auto-regressive prediction approach accumulates error,
when progressing ahead with time.

The mean ensemble shoreline position prediction from a selected
ensemble of LSTM trial models proved beneficial across certain appli-
cation scenarios. In certain scenarios among the assessments carried out,
the mean ensemble prediction performed better than the ‘optimised
model’ according to the performance matrix involving measures of
RMSE, NRMSE, r, MPE, and MI. Unlike a single optimised model, the
ensemble captures a range of learned temporal patterns through the
ensemble members, offering more diverse, robust and generalised pre-
dictions. This has the potential to eliminate overfitting and bias to the
selected validation dataset despite the techniques used to minimise

them. It was observed that the observed shoreline positions largely fall
within the ensemble prediction envelope giving a higher ECP values.
Since the ensemble prediction uses existing models from HPO, it re-
quires a minimal extra computational effort while providing additional
insights into model variability and uncertainty.

The collection of beach change data at high frequency is expensive
and time consuming. Therefore, the impact of input data resolution on
the LSTMag model’s prediction was investigated to explore if measuring
shoreline positions at lower resolutions would be adequate to determine
reasonable predictions. It was found that fortnightly data can provide
acceptable shoreline position predictions, and the prediction perfor-
mance are comparable to those using weekly data. However, data res-
olutions lower than fortnightly led to poor model performance.
Therefore, it can be argued that beach surveys at least at fortnightly
intervals are required to drive LSTM modelling approach to perform
with reasonably acceptable and reliable future shoreline position pre-
dictions at this site.

The model training is found to be sensitive to high short-term fluc-
tuations, which we defined here as data noise. If the focus is on trends of
variability of the shoreline position beyond monthly timescales, data
smoothing and residual noise reduction are found be effective and useful
to overcome this issue. Fourier decomposition of the time dependent
shoreline position change data indicated trend of variability at two
primary time periods: 26 weeks (bi-annual) and 52 weeks (annual), and
two longer time cycles (4.5 years and 8 years). The longer-term cycles
(4.5-8 years) likely reflect multi-year trends rather than true seasonal
variation and incorporating them into the decomposition would lead to
excessive smoothing of the time series, potentially suppressing the short-
to medium-term dynamics of interest in this study. Filtering shoreline
position fluctuation residuals around the trends at those two seasonal to
annual timescales by applying a user defined noise reduction factor,
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allowed the model to learn the trend and seasonality better, resulting
better model performance. Selecting these two cycles we aimed to
isolate the recurrent short term (seasonal to annual) behaviour while
preserving the fidelity of the shorter-term trend variations which is
critical for model learning and performance assessment. When used
moving averaged input forcing data (which is another commonly used
approach for data noise reduction), the model performed worse than
that with residual data reduction although the results are better com-
parted to that from the original model. However, the applicability of
those techniques depends on the purpose of the predictions and the
timescale of interest and may lead to compromising certain short term
(storm scale) fluctuations.

Our results on this application show promising evidence that LSTM
DL approaches are a successful tool for predicting shoreline change at
monthly to inter-annual timescale with reasonable accuracy and accu-
rately captures shoreline position trend variabilities, which is important
for coastal management decision making. The method, including pre-
processing of the input data are directly transferable to any other site
with suitable datasets although pre-processing needs may vary with the
available data and the site-specific characteristics. Our analysis also
shows that very high frequency field measurements may not always be
necessary for making reliable predictions of beach change beyond
monthly timescales.

The significantly less computing resource requirements of this
method compared to the traditional process-based modelling offers
opportunities to quantify the uncertainties inherent to morphodynamic
predictions, which will be very useful for coastal management and en-
gineering design. Also, longer term predictions can be attempted and
justified when uncertainty of the predictions can be properly quantified.
The method also offers opportunities to investigate the impacts of other
potential drivers of coastal morphodynamic change, such as tidal fluc-
tuations and mean sea level change, which can be input as forcing pa-
rameters to the model, when those data are available at similar temporal
resolutions.
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1. Schematic diagram of LSTM gated structure with the mechanism of temporal state updating is presented.
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Fig. 1. LSTM gated cell structure. The temporal state update is represented.

At the microstructure level, LSTM cell is a particular gated cell architecture.
They are equipped with a ‘forget gate (ft)’, an ‘input gate (it)’, an ‘output gate (ot)’ and an internal cell state (ct) which represents the memory of

the network and carries information across time steps.

The cell state (ct-1) is updated by the forget gate and the input gate, combined with the candidate cell state (ct). The updated cell state is then used
as the input cell state in the next time step. The forget gate decides what portion of the cell state from the previous time step should be carried forward
to the next time step. It uses a sigmoid activation function to produce values between 0 and 1, for each number in the cell state ct-1.

The standard formulae for each gate operation and candidate cell state is as follows (Hochreiter and Schmidhuber, 1997b).

ft=o(Wf-[ht—1,xt] + bf)

it=oc(Wi- [ht — 1, xt] + bi)

eq. 1

eq. 2
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Ct=ReLU(Wc - [ht — 1, xt] + bc) eq. 3
Ct=ft-Ct — 1 +it-Ct eq. 4
ot=0(Wo- [ht — 1, xt] + bo) eq. 5
ht = ot-tanh(Ct) eq. 6

where, ft is the forget gate activation vector at time step t, i t is the input gate activation vector at time step t, o t is the output gate activation vector at
time step t, o is the Sigmoid activation function, ReLu is the Rectified Linear Unit activation function, Wf, Wi, Wc, Wo are weight matrices for the forget
gate, input gate, candidate cell state and, output gate, bf, bi, bc, bo are bias vectors for the forget gate, input gate, candidate cell state and, output gate,
ht — 1, ht are hidden states at previous (t-1) and current (t) time steps, Ct — 1, Ct are Cell state vectors at previous (t-1) and current (t) time steps, Ctis
the candidate cell state. The xt are input feature vectors, fed to the network as time-sequential data (at each time step t).

2. Schematic diagram of CNN layers stacked LSTM structure with the mechanism of data flow is presented.
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Fig. 2. Stacked CNN and LSTM layers and flow of feature data through layers.

Convolutional Neural Networks (CNN) are a specific structural arrangement of application of convolutional operations over an input data series to
capture underlying features.

The time-sequential data input to the CNN layers is considered as 2-dimensional sequences X € RT*C, T is the number of time steps, and C is the
number of input features. The convolutional operation is applied on this 2-dimensional sequences according to the generalised equation as below.

f
-
o

—1
Yt,m= Xt +1i,c . Wi,c,m+bm eq. 7

T
=]
o
Il

=)

Where, Yt,m is the output value at time step t for the m th filter. Xt + i, ¢ is the input value at time step t + i for the c th feature. Wi, ¢, m is the weight of
the kernel at position i for the c th input feature and m th filter and bm is the bias term for the m th filter. This summation runs over the kernel size k and
the number of input features C.

3. Schematic diagrams illustrating data arrangement for (i) direct input predictive approach, (ii) Auto-regressive predictive approach
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Fig. 3. Data structure during (a) model training and (b) model prediction for (i) direct input prediction approach
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Fig. 4. Data structure during (a) model training and (b) model prediction for (i) Auto-regressive prediction approach

Annex
1. Quantitative improvement of the model performance with input data smoothening

Below plots visually demonstrates the quantitative comparisons of the performance measures vs Noise and variance ratios for the different sce-
narios used in data noise impact assessment given in section 4.2, Table 5. Here we have selected the Normalised RMSE and Mielke’s Index only, as the

performance indicators, as this is for demonstration purposes only.

1.1. Normalised RMSE vs Noise ratio for scenarios used in seasonal decomposition-based noise smoothing assessment
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Fig. 5. (a) SD26 scenarios (b) SD52 scenarios in comparison with LSTM AR MMA model. Note: The NRMSE values of the baseline LSTM AR model is marked with the
dashed line as the Noise ratio is not defined for this baseline model. All comparisons are done for the Optimised HP models and denoted as HP.

1.2. Normalised RMSE vs Variance ratio for scenarios used in seasonal decomposition-based noise smoothing assessment
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Fig. 6. (a) SD26 scenarios (b) SD52 scenarios in comparison with LSTM AR MMA model and LSTM AR (baseline) model. Note: The NRMSE values of the baseline
LSTM AR model is marked normally as the Variance ratio is defined and valued as 1, for this baseline model. All comparisons are done for the Optimised HP models
and denoted as HP.

1.3. Mielke’s Index vs Noise ratio for scenarios used in seasonal decomposition-based noise smoothing assessment
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Fig. 7. (a) SD26 scenarios (b) SD52 scenarios in comparison with LSTM AR MMA model. Note: The NRMSE values of the baseline LSTM AR model is marked with the
dashed line as the Noise ratio is not defined for this baseline model. All comparisons are done for the Optimised HP models and denoted as HP.

1.4. Mielke’s Index vs Variance ratio for scenarios used in seasonal decomposition-based noise smoothing assessment
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Fig. 8. (a) SD26 scenarios (b) SD52 scenarios in comparison with LSTM AR MMA model and LSTM AR (baseline) model. Note: The NRMSE values of the baseline
LSTM AR model is marked normally as the Variance ratio is defined and valued as 1, for this baseline model. All comparisons are done for the Optimised HP models

and denoted as HP.

1.5. Percentage improvement of the selected performance indicators with Variance ratios (VR) and Noise ratios (NR) for scenarios used in seasonal

decomposition-based noise smoothing assessment

The percentage improvement of the selected performance indicators (Normalised RMSE and Mielke’s Index) from the baseline LSTMsg model is
given in Table A5.1. The percentage improvement is given compared to the baseline LSTMr scenario for MI and NRMSE indicators.

Table A5.1

Performance of the noise assessment scenarios along with the Noise and variance ratios of the respective input smoothed shoreline data at noise levels used in Table 5.
The percentage improvement is given compared to the baseline LSTM4r scenario for MI and NRMSE indicators

Model VR NR Optimised HP model Mean Ensemble model
RMSE MI % improve NRMSE % improve RMSE MI % improve NRMSE % improve
(m) MI (m) NRMSE (m) MI (m) NRMSE
LSTM AR 1.00 - 12.04 0.57 - 0.21 - 12.84 0.63 - 0.23 -
Memory
LSTM AR Memory 0.84 4.26 9.74 0.68 17.0 0.20 8.0 9.08 0.70 9.6 0.18 19.4
MMA
SD26_NF = 0.75 0.84  31.06 8.74 0.72  21.0 0.18 16.4 8.87 0.73 13.4 0.18 20.7
SD26_NF = 0.5 0.72 8.14 7.60 0.82 304 0.16 23.0 9.81 0.72 12.2 0.21 6.6
SD26_NF = 0.25 0.64 3.35 5.98 0.87 349 0.13 37.1 5.62 0.87 27.8 0.13 44.5
SD26_NF = 0 0.60 1.80 4.22 0.91 37.7 0.09 56.3 6.31 0.77 18.3 0.14 38.8
SD52 NF = 0.75 0.82  23.67 9.14 0.60 5.5 0.21 3.3 11.02 0.62 -1.6 0.25 -9.7
SD52_NF = 0.5 0.70 6.62 5.77 0.79  28.2 0.15 31.9 9.06 0.68 7.1 0.23 -0.4
SD52_NF = 0.25 0.63 2.79 3.41 0.92 384 0.09 58.2 3.57 0.91 31.1 0.09 58.6
SD52 NF =0 0.60 1.54 4.66 0.88 35.6 0.12 44.1 7.60 0.71 11.8 0.19 14.5

Data availability
Data will be made available on request.
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