
Improving Shoreline Forecasting Models with Multi-Objective1

Genetic Programming2

Mahmoud Al Najara,b,∗, Rafael Almara, Erwin W. J. Bergsmac, Jean-Marc Delvitc and Dennis3

G. Wilsonb
4

aLaboratory of Spatial Geophysics and Oceanography Studies (CNES/CNRS/IRD/UPS), University of Toulouse, Toulouse, France5

bISAE-SUPAERO, University of Toulouse, Toulouse, France6

cEarth Observation Lab, The French Space Agency (CNES), Toulouse, France7

8

ART ICLE INFO
Keywords:
Genetic algorithms
Genetic programming
Genetic improvement
NSGA-II
Shoreline forecasting
Climate change

9 ABSTRACT10
11

Given the current context of climate change and increasing population densities at coastal zones,12

there is an increasing need to be able to predict the development of our coasts. Recent advances13

in artificial intelligence allow for automatic analysis of observational data. This work makes14

use of Symbolic Regression, a type of Machine Learning algorithm, to evolve interpretable15

shoreline forecasting models. Cartesian Genetic Programming (CGP) is used in order to encode16

and improve upon ShoreFor, a shoreline prediction model. Coupled with NSGA-II, the CGP17

individuals are evaluated and selected during evolution according to their predictive skills at18

five coastal sites. This work presents a comparison between the CGP-evolved models and the19

base ShoreFor model. In addition to its ability to produce well-performing models, the work20

demonstrates the usefulness of CGP as a research tool to gain insight into the behaviors of21

shorelines at different points around the globe.22

23

1. Introduction24

Coasts around the globe are continuously facing natural and anthropogenic pressures. Our knowledge and25

understanding of the evolution of the coastal zone over time is crucial for a large variety of applications including26

coastal risk monitoring and management. Shoreline evolution forecasting is an important element in coastal studies27

that aims to better understand and predict the occurrence and intensity of erosive and accretive forces. Recently, large28

efforts have been made to understand and predict shoreline evolution due to the rising social, economic and natural29

pressures such as climate change [43, 10, 44, 48].30

Shoreline change occurs at varying time scales resulting from different natural processes, ranging from small31

oscillations resulting from individual waves to decadal trends as a response to varying wave climates. At seasonal to32

interannual scales, cross-shore sediment transport is considered the main driver of shoreline change, while alongshore33

processes are more relevant at longer timescales [33, 56, 58].34

Symbolic Regression (SR) is a domain of Machine Learning (ML) algorithms that search for symbolic representa-35

tions of the relationships embedded in the data. Evolutionary algorithms, and specifically Genetic Programming (GP),36

are often used for SR. GP operates by composing a predefined set of functions in a tree, graph, or other structure; the37

composition of functions is determined by an evolutionary algorithm. As the optimized model is a functional graph or38

tree, GP is considered an interpretable ML technique that can be used to derive simple symbolic forms of relationships39

in data. GP has been demonstrated to be competitive with machine learning approaches such as gradient boosting40

[31] and has been used in many applications like dimensionality reduction [65], particle physics [11, 35], quantum41

computing [54, 55], wave characteristic prediction [21], and water stream-flow forecasting [38].42

This work frames the problem of forecasting cross-shore shoreline change as a data-driven symbolic regression43

task. We experiment on the use of Cartesian Genetic Programming (CGP) and the Non-dominated Sorting Genetic44

Algorithm II (NSGA-II) to encode and evolve interpretable shoreline changemodels. To promotemodel generalization,45

the evolved models are optimized to maximize prediction accuracy at five different coastal sites from around the46

globe. Evolution discovers new shoreline forecasting models which outperform existing physical models on the47
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individual sites and also across the five studied sites. We analyze two proposed models which perform well generally1

to demonstrate their explainability.2

We next present an overview of symbolic regression and shoreline change forecasting, with a presentation of the3

ShoreFor [13] forecasting method used as a baseline model for comparison and improvement in this work. We then4

present the study sites and datasets used in Section 3. The method, a combination of CGP and NSGA-II adapted for5

genetic improvement, and the implementation of the ShoreFor model as a CGP graph, are presented in Section 4.6

Finally, we detail the evolutionary multi-objective optimization on the selected sites in Section 4.5 and analyze the7

highest performing models in Section 5, including two generalist models which outperform ShoreFor across the five8

sites while being simple and interpretable.9

2. Related works10

2.1. Symbolic Regression11

Symbolic regression (SR) is a family of ML algorithms that search for mathematical expressions that best describe12

the relations between the independent input variables and a dependent output variable. The search space is bounded by13

a predefined set of components including a set of elementary mathematical operators, constants, and input variables.14

SR algorithms are particularly interesting as research tools as the outputs of these algorithms are arithmetic expressions15

rather than sets of coefficients, making them highly interpretable, which allows the practitioner to gain insight into the16

real-world processes embedded in observed datasets in addition to developing powerful prediction models.17

SR algorithms appear in a wide array of applications in the literature. SR was used in [47] to predict the dynamics18

of harmonic and coupled oscillators, as well as the power production of solar panels. In [64, 63], a physics-inspired19

method for symbolic regression based on neural networks is developed and tested on a set of 100 equations from20

the Feynman Lectures on Physics. [66] applies SR to discover hidden physics in a variety of problems using sparse21

observation data. Multiple works make use of SR to study the nonlinear changes in the properties of materials in22

response to external factors [70, 73, 28]. In [79], coarse atmospheric model outputs are downscaled using GP-based23

SR to higher resolutions in order to be used in land surface and hydrological models. [18] presents an application of24

SR to discover dimensionally-consistent nonlinear equations for modelling post-fire debris-flow volume discharge. In25

[40], SR is used to develop a rainfall-runoff model for streamflow forecasting based on multigene genetic programming26

and moving-average filtering. We refer the interested reader to [45, 31] for comprehensive reviews on SR. A common27

point among the diverse SR literature is the use of GP as one of the main methods for SR.28

Despite its adoption in other domains, the use of SR, and GP in particular, remains relatively unexplored in coastal29

science. Some of the related works in coastal science making use of GP include [20], where GP is used to perform real-30

time wave forecasting and is shown to be a promising tool for coastal prediction studies. In [30], GP was successfully31

used to perform shore-term forecasting of wave heights based onwind speed and direction, and the evolvedmodels were32

shown to be applicable over physically-similar but previously-unseen sites. [46] makes use of GP to predict swash zone33

excursion on sandy beaches. The authors compare their GP-based models to existing literature and show that the GP34

can be used to develop higher performing predictors while gaining insight into the physical processes, demonstrating35

the use of GP as a strong data analysis tool.36

In [22], the authors review a large number of ML applications to coastal problems including sediment transport37

and coastal morphodynamics. Although some works make use of GP, the majority of existing ML-based literature in38

the domain make use of Artificial Neural Networks and Bayesian Networks in order to learn predictive models from39

the data. Here, we make use of Cartesian Genetic Programming (CGP) in a multi-objective optimization scheme using40

the Non-dominated sorting algorithm (NSGA-II) in order to evolve an existing shoreline forecasting model.41

2.2. Existing methods in shoreline change forecasting42

Threemain types of methods have been proposed and discussed in the literature on the topic of forecasting shoreline43

change [43].44

Process-basedmodels include detailed information on the physical processes that happen in the nearshore including45

wave propagation and dissipation, nearshore currents, sediment transport processes and the resulting changes in the46

nearshoremorphology. These simulated processes are usually coupled throughmass andmomentum conservation laws.47

Such models include MIKE 21 [72], Delft3D [34], ROMS [71] and CROCO [39]. In general, these models are used to48

model short-term and local events in the nearshore zone and are not considered applicable over larger spatio-temporal49

scales [43, 12].50
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Hybrid models are mixed approaches to modelling shoreline change incorporating general physical principles, such1

as the principle of shoreline equilibrium [75], and are calibrated using data-driven approaches (e.g. least-squares-fit).2

A large number of hybrid models have been developed in the literature [13, 61, 67, 26, 49]. Compared to process-3

based models, hybrid models can be used to predict shoreline position over much longer time scales, however they are4

generally unable to generalize to previously-unseen areas and require site-specific field data for model calibration.5

Finally, data-driven techniques rely fully on the available dataset in order to learn the physical relationship between6

the forcing parameters in the input data and the resulting shoreline change as the output. In [78], different types of neural7

networks are used to model shoreline change and are compared according to their forecast performance. In [7], a variety8

of neural network models are compared to traditional forecasting techniques as well as ordinary-least-squares (OLS)9

regression on a global scale using satellite derived shoreline time series. [76] makes use of a daily-scale shoreline time10

series dataset to compare a statistical forecasting model SARIMA to two ML-based models (NNAR and LSTM) and11

to EOF analysis as the baseline in tasks of single-step and multi-step forecasting. [53] presents and compares multiple12

models for coastal erosion prediction at Narrabeen, Australia, including two process-based models, an empirical model13

and a neural network, in addition to an ensemble of the four models. In [27], neural networks are used in conjunction14

with genetic algorithms in order to find suitable parameterizations for a coupled process-based model, Windsurf. A15

neural network is then trained on the task of beach and dune change forecasting using outputs from Windsurf. In [43],16

a number of shoreline forecasting techniques are applied at Tairua beach in New Zealand in a competition setting.17

Some of the data-driven techniques included multiple types of Artificial Neural Networks (MLP, Autoregressive NN,18

LSTM), Beysian Networks, in addition tomore traditional techniques such as K-nearest neighbors and Random Forests.19

In general, data-driven techniques performed well over familiar conditions and settings, but they failed to generalize20

to previously-unseen conditions.21

Artificial Neural Networks (ANN’s) are the most commonly used models in similar works employing AI for22

shoreline forecasting [22]. While ANN’s have helped achieve significant advances in many domains, explaining their23

predictions remains relatively difficult due to their black-box nature [57, 4]. To our knowledge, this work is the first24

step towards the use of data-driven symbolic regression in order to evolve interpretable shoreline forecasting models.25

2.2.1. ShoreFor26

ShoreFor [13] is a shoreline change forecasting model that is built upon the principle of shoreline equilibrium27

[75], where shorelines continuously evolve towards a time-varying equilibrium condition. ShoreFor can be formulated28

according to Equation 1, where dx∕dt is the rate of shoreline change, F is the magnitude of wave forcing, c and b are29

model free parameters that are optimized using a least-squares-fit minimizing the root-mean-squared-error (RMSE) of30

the model.31

dx
dt

= c(F+ + rF−) + b (1)
The wave forcing term F (Equation 2) is expressed in terms of the wave energy flux P and the normalized32

disequilibrium term ΔΩ∕�ΔΩ.33

F = P 0.5 ΔΩ
�ΔΩ

(2)
ShoreFor defines the beach equilibrium state (Ωeq , Equation 3) as a weighted average of antecedent dimensionless34

fall velocities where � is a model-free parameter which controls the number of days in the series used to estimate the35

current equilibrium state.36

Ωeq =
∑2�
i=1Ωi10

−i∕�

∑2�
i=1 10

−i∕�
(3)

Ω, calculated according to Equation 4, represents the rate of sedimentation and is a function of the sediment grain37

settling velocity w, the breaking wave heightHs,b and wave period Tp.38

Ω =
Hs,b

wTp
(4)
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Disequilibrium, ΔΩ = Ωeq − Ω, is used to partition forcing F into accretion and erosion (F+, F−) according to1

the sign of ΔΩ. The erosion ratio r (Equation 5) is defined as a ratio between the detrended accretive and erosive wave2

forcing. It is calculated over the full wave forcing time series and treated as a constant to balance the accretion and3

erosion terms within the ShoreFor model.4

r =
|

|

|

|

|

∑N
i=0⟨F

+
i ⟩

∑N
i=0⟨F

−
i ⟩

|

|

|

|

|

(5)

ShoreFor has been used in multiple shoreline prediction studies and a number of extensions have been proposed5

to improve its performance by accounting for shoreline change over different time-scales [50] as well as alongshore6

sediment transport processes [59, 60]. We make use of the ShoreFor model as a base for our experiments on the use7

of CGP for shoreline forecasting in a GI setting, and we highlight the possibility of extending the base CGP-ShoreFor8

implementation to account for these additional processes.9

3. Study zones10

Shoreline datasets from five different sites around the globe covering different coastal settings are used in this work.11

As shown in Figure 1, these sites include the Grand Popo beach in Benin, Gulf of Guinea, in West Africa. Truc Vert12

beach in the Aquitaine region of France. Narrabeen beach on the coastline of the Sydney metropolitan area, on the13

eastern coast of Australia. In addition to two different sites from the USA, Duck NC on the eastern coast, and Torrey14

Pines on the western coast.15

Amixture of techniques were used to gather these datasets. Video-derived cross-shore shoreline locations are used16

to compose the shoreline time series of Grand Popo and Narrabeen. In-situ GPS surveys were performed to record the17

shoreline positions of the remaining sites (Duck, Torrey Pines, Truc Vert).18

In-situ techniques (wave-bouys) and modelling were used to create the time series of wave parameters over the five19

sites including significant wave height (Hs), peak wave period (T p), and wave direction (Dir). These parameters are20

used to compute theΩ andP time series according to [13]. Sea-level anomalywas observed from satellite altimetry over21

all sites, while river discharge was extracted from a global model hindcast (ISBA-CTRIP) and represents the regional22

impact of river discharge. We refer the interested reader to the following articles where more detailed descriptions of23

the physical characteristics of these sites are presented: [3, 5, 56].24

Figure 2 presents the shoreline time series and the associated wave energy flux (P ) time series used in this work,25

and demonstrates the differences in wave forcing and the resulting shoreline behaviors over the five different coastal26

sites.27

Given the varying physical conditions and climates between the sites, as demonstrated by the varying performance28

of ShoreFor across sites in Section 5, we make use of the prediction performance at these sites as five competing29

objectives for evolution. We posit that different features contribute to shoreline change over the five sites, and that30

suitable shoreline models will therefore vary between sites. In the results section, we demonstrate the method’s ability31

to evolve site-wise experts that perform well at specific sites, in addition to generalist models that achieve competitive32

results compared to ShoreFor across the five different sites.33

4. Methods34

To find improved shoreline forecasting models on the five sites, we use Cartesian Genetic Programming, a form35

of GP which encodes functions as graph. We encode the original ShoreFor model as a GCP graph for automatic36

improvement. NSGA-II, a genetic algorithm, is then used to improve models over the five sites simultaneously.37

4.1. Cartesian Genetic Programming38

Cartesian Genetic Programming (CGP) [41] is a form of genetic programming that encodes programs as directed39

acyclic graphs. An individual CGP graph is composed of three components: input nodes, output nodes and computation40

nodes. To represent a program as a genome, each node in the graph can be associated with integers corresponding to41

the function of the node and its inputs; two-arity functions like x+ y are most common and used here, so each node is42

represented by three integers. These integers are optimized by evolution by constructing a graph which connects output43
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Figure 1: World map highlighting the locations of the five sites included in this study.

nodes to input nodes and evaluating this graph in an objective function. A CGP genome is of fixed size, however the1

program graph can be of variable size as only a subset of nodes are connected to the output nodes and finally used2

during evaluation. This allows for flexibility in the number of nodes an individual can use, where nodes that do not3

contribute to the output are simply ignored during individual evaluation. CGP has been successfully applied to a large4

number of problems including digital circuit design [9], image processing [51, 24], computer vision-based applications5

[74], among others [42].6

In this work, we use a mostly standard CGP representation with modifications to optimization for NSGA-II and7

more efficient mutations, and modifications to the function set in order to represent ShoreFor. As in [2], we employ8

the following mutation-level constraints: 1) We discard all mutated graphs with direct input-output connections. 2)9

We ensure that for the same set of random inputs, the outputs produced by parent graph and the mutated graph are10

different in order to minimize the chances of having behaviorally identical individuals in the population. 3) Since we11

use a mixed-type version of CGP where both scalar and vector values exist within the computational graph, we add a12

constraint that discards any mutated graph that outputs scalar values. 4) Finally, we ensure that the size of the output13

vector is equal to the size of the input time series.14

4.2. Encoding ShoreFor in CGP15

The use of an established model as an initialization for evolution has been empirically shown to aid in faster16

convergence of the algorithm [2]. We therefore encode the ShoreFor model as a CGP individual in order to improve17

it using evolution. The first population of individuals is created such that the models share the same active graph as18

the ShoreFor individual, and random genes are used to fill in the inactive nodes. The encoding also informs the inputs19

available and the function set, as we use functions during search which are necessary to encode the ShoreFor individual.20

We first implement equation 3, the Ωeq time series, by calculating the weight vector W = 10−i∕�, which is21

computed such that the weighting factor decreases per day i over the number of days �. In order to encode the22

computation of this weight vector, two inputs and five different functions are required; the inputs are the calibrated23

� constant and the value of 2�, which specifies the size of the moving window. Given these inputs, we decompose24

the calculation ofW as follows. First, a vector of length 2� with values ranging from 1 to 2� is computed using the25

irange function. This vector is then simply flipped using the reverse function, to represent the number of days back in26

history each point in the time series represents. At this point, the vector of i in 10−i∕� is computed. Then, this vector27

is negated using the negate function and divided by the input constant pℎi using div, resulting in a vector of values28

representing −i∕�. This vector is passed to the tpow function (tpow(x) = 10x), obtaining W = 10−i∕�. In order to29
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Figure 2: Visualization of the shoreline time series from each of the five sites used in this work. Cross-shore shoreline
location (X) is shown in black. Wave power (P) is shown in red. The shaded area corresponds to the forecast period at
each site.

compute the moving average over the full time series, we make use of the convolution function. We therefore modify1

the computation of Ωeq as follows: Ωeq = conv(Ω, 10−i∕�
∑2�
i=1 10

−i∕�
). The next step in the computational graph is to divide2

the weight vector by the sum of the vector itself to be used as the convolution filter. The graph-form of Equation 3 is3

shown in Figure A.1(left).4

The final set of inputs used in our CGP-ShoreFor implementation is described in Table 1. We note that not all5

inputs included in our implementation are used by the ShoreFor model. These additional inputs are included so that6

evolution can integrate them into the evolved models.7

Generally speaking, implementations of CGP require that all input and computed variables are bound to a range of8

-1 to 1 in order to prevent various computational issues such as the existence of NaN’s or infinities in the computational9

graph. However, this requirement is difficult to achieve in the case of GI of a physical system of equations due to the10

lack of true maxima for each input and the use of unbounded functions in the original model. Therefore, we instead11
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Table 1
Inputs to the CGP-ShoreFor model. *Additional inputs that are not used by ShoreFor.

Input Description

Ω Dimensionless fall-velocity time series
P Wave power time series
� Pre-calibrated number of days used for the initial ShoreFor model
2� Used to indicate the size of the weight vector in Equation 3
D* Wave direction time series
Hs,b* Peak breaking wave height
Tp* Peak wave period
S* Sea level anomaly
R* Regional river discharge

choose to handle out-of-bounds computation by penalizing all such individuals by assigning them a fitness value of1

negative infinity, essentially discarding them from future generations.2

After encoding the ShoreFor system of equations as a single CGP genome, the ShoreFor individual can be3

represented as a graph structure as shown in Figure A.1(right). The ShoreFor graph is used to initialize the active4

graphs of the individuals at the beginning of evolution. Due to the use of NSGA-II (Section 4.3) with 5 coastal sites as5

objectives (Section 3), offspring individuals at generationGt must achieve better fitness at at least one of the objectives6

compared to all Pareto-front individuals at Gt−1, thus conserving all site experts (Section 5).7

Currently, the implementation of ShoreFor as a CGP individual assumes that the equations to calculate P andΩ are8

physical facts and are therefore not included in the CGP-ShoreFor implementation, but rather passed as pre-calculated9

time series.10

4.3. NSGA-II11

NSGA-II is a well-known and widely used multi-objective genetic algorithm that was proposed in [14]. It makes12

use of the concept of pareto dominance in order to split a population of models into different performance-based13

ranks. A crowding distance measure is also used in order to maintain the diversity of population during evolution. At14

generation Gt, parents (Pt) are selected from the current population using tournament selection and are mutated in15

order to generate a population of offspring models Qt. Individuals in Qt are evaluated according to the user-defined16

fitness function, then a combined populationRt is created by merging both Pt andQt.Rt is then sorted according based17

on pareto dominance, as well as the crowding distance in lower-ranks, and the N top-ranking individuals are chosen18

as the upcoming population. The algorithm is run in a loop until a certain threshold is reached, such as the number of19

evaluations executed or a predefined fitness threshold. Due to the elitist nature of NSGA-II, top-ranking models are20

guaranteed to be conserved through the different generations until they are replaced by higher-ranking models. We21

invite the reader to refer to the original work in [14] for further details on the NSGA-II algorithm.22

Since it’s publication, NSGA-II has been applied to a large variety of multi-objective optimization tasks [77, 6,23

15, 69, 80, 52]. In [29], CGP is coupled with a modified version of NSGA-II in order to evolve small mathematical24

expressions and image processing filters and operators. The proposed modified version of NSGA-II is intended to25

reduce the number of fitness evaluations needed to obtain a solution. [25] presents the first use of a multi-objective26

fitness function to improve cartesian genetic programming circuits. The authors make use of NSGA-II as a post-27

processing step to traditional CGP. Functional CGP individuals representing digital circuits are selected at the end of28

evolution and a pareto front is constructed according to three different criteria. In this work, we make use of NSGA-II29

with five fitness dimensions in order to rank our CGP individuals during evolution according to their predictive skills30

at five different coastal sites as presented in Section 3.31

4.4. Fitness evaluation32

This work makes use of the modified Mielke skill test proposed in [17] in order to evaluate the performance of33

the models. This metric, formulated as � in Equation 6, is an extension of the Pearson correlation coefficient (r) that34
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reduces the value of r according to the bias between the two datasets. We use this fitness metric as it represents both1

correlation between the target and the forecast as well as the error.2

� = 1 −
N−1∑N

i=1(oi − mi)
2

�2o + �2m + (ô − m̂)2
(6)

This score is used in order to evaluate the fitness of our CGP individuals over the calibration period during evolution,3

where the objective is to maximize their Mielke score. We also use it to evaluate the forecast performances of the4

individuals after evolution as presented in Section 5.5

4.5. Model optimization6

In this work, NSGA-II is used to evolve the CGP-encoded individuals. The algorithm is configured according to7

Table 2 and run for 50 thousand generations. Using NSGA-II,N offspring are generated each iteration and mixed with8

the previous population of P , using Pareto dominance to select the next generation. Graphs of C computational nodes9

are generated and mutated randomly following the mutation rates �nodes and �output for the functional nodes and output10

connections, respectively. This configuration was used for 50 independent trials. All runs were found to converge very11

early on during evolution (within hundreds of generations). After each run, 200 different CGP individuals are recorded12

representing the final generation from that run. The final generations from all runs are grouped into a single merged13

population of 10000 individuals and evaluated using the calibration and forecast datasets. Tables C.1 and C.2 document14

the different functions used in this work, representing the function set used by the genetic algorithm during evolution.15

Figure 3: Merged population - sorted by mean Mielke score over the calibration period. The color-scale corresponds to the
Mielke score.

Figures 3 and 4 visualize the performances of the resulting merged population over the calibration and forecast16

periods. Most models are able achieve a high score over the calibration set, while their performance during the forecast17

period varies between the different sites.18

In Figure 3, we sort our individuals according to their average Mielke skill score over the 5 sites during the19

calibration period; while Figure 4 visualizes the same result when sorted according to the mean score over the forecast20

period. Interestingly, we find that the highest-performing individuals over the calibration period are not necessarily the21

best-performing models during the forecast period, indicating the tendency of the models to overfit to the calibration22

time series during evolution.23

5. Model analysis24

We now present and analyze the highest-performing models generated by CGP and NSGA-II using ShoreFor as25

a starting point for evolution. For the purpose of this work, the forecast performance is used in order to select the26

highest-performing individuals for further analysis. Furthermore, models are selected following two different criteria:27

site experts are selected according to their forecast performance at a specific site, and are expected to work best at28
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Table 2
Evolutionary configuration used throughout this work.

Parameter Value

P population size 200
N offspring 200

�nodes mutation rate 0.1
�output mutation rate 0.3

C nodes 50

Figure 4: Merged population - sorted by mean Mielke score over the forecast period. The color-scale corresponds to the
Mielke score.

that single site only, whereas generalist models are selected according to their mean Mielke forecast skill over the 51

different sites with the aim of finding a single model that can perform well over all sites.2

At each site, we present the performances of two site experts and two generalist models and we compare them to3

the ground truth data as well as the baseline ShoreFor model. Results on the calibration data used during evolution are4

presented in Figure 5 and results on the forecast data are shown in Figure 6. Furthermore, in order to have a deeper5

understanding of model performance, we evaluate the performances of our models over isolated trends of different6

temporal scales in both the ground truth and predicted time series. This is done using a running mean filter with7

varying window sizes corresponding to the target time scale, and a pass-band filter to isolate those time scales. Finally,8

Table 3 presents a comparison between theMielke scores of the evolved expert and generalist models and ShoreFor, and9

contextualizes their performances within the current state-of-the-art in data-driven techniques for shoreline forecasting.10

In general, site experts and generalists are able to achieve a higher Mielke skill score over the calibration period11

compared to the ShoreFor model across the five sites. The main improvement over ShoreFor occurs over relatively12

shorter-term variations, around five months, as indicated in Figure 5.13

On the Grand Popo site, the expert models achieve a 20% gain over ShoreFor on the forecast period. The CGP-14

expert-GP-1 model shows an improvement in performance over all time scales except over shorter-term variations (1-415

months), whereas CGP-expert-GP-2 achieves a higher skill score over a single dominant time scale (4-12 months).16

The generalist models are competitive with ShoreFor while having different behavior, both underperforming at short17

timescales but improving for longer timescales.18

On the Narrabeen dataset, all CGP models achieve a higher Mielke score over both the calibration and forecast19

periods. Compared to the results at Narrabeen presented in the original ShoreFor work [13], the base ShoreFor model20

achieves a much lower skill score over the forecast period. We presume that this difference is due to the use of a lower21

frequency in the dataset; we note that ShoreFor showed high sensitivity to the specific calibration and forecast periods22

it was applied at. Compared to ShoreFor, the CGP-expert-NB models demonstrate a significant improvement during23

the forecast period, while the two generalist models show a slight improvement.24

At Duck, all evolved models show a similar behavior of achieving superior Mielke skill at long time scales, while25

their performance varies at shorter time scales compared to ShoreFor. All models achieve a higher Mielke skill over26
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Figure 5: Calibration performances on the five sites (left) and the difference in the Mielke skill score at different time scales
compared to the performance of ShoreFor at that time scale (Y = 0 represents ShoreFor and the X axis corresponds to
the number of months at the evaluated time scale).

both the calibration and forecast periods except for generalist-2. Compared to ShoreFor, generalist-2 has a lower score1

by 0.02 using the raw model output, while its performance shows a consistent improvement at longer time scales.2

Similarly, on the Torrey Pines dataset, the evolved models improve on ShoreFor on the calibration and forecast3

data; specifically, they capture the strong seasonal cycle better in addition to the long term trend in shoreline position,4

while ShoreFor appears to capture the long term trend only. All models achieve higher skill score using the raw model5

output compared to ShoreFor, and they show a sharp increase in performance at shorter time scales, while the generalist6

models show a decrease in performance at longer scales.7
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Figure 6: Forecast performances on the five sites (left) and the difference in the Mielke skill score at different time scales
compared to the performance of ShoreFor at that time scale (Y = 0 represents ShoreFor and the X axis corresponds to
the number of months at the evaluated time scale).

At Truc Vert, all models fail to produce a reliable forecast of the shoreline position. Compared to ShoreFor, the1

generalist models achieve equivalent performance over the calibration period and are worse at the forecast period;2

as discussed in Section 4.5, models that show high Mielke skill during the calibration period were not necessarily3

well-performing at the forecast period. While the models presented here are selected based on their forecast skill.4

Overall, the expert models chosen for each site demonstrate large improvements over ShoreFor and high correlation5

with the ground truth forecast data, on which they were not trained. The generalist models perform less well overall, but6

show a consistent improvement over ShoreFor.While specialist models could be trained for a specific site, offeringmore7

accurate predictions, a general model of shoreline change can be applied globally. We now evaluate the two selected8
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generalist models to better understand their differences from ShoreFor. The graph representations of the expert models1

are presented in Appendix B.2

Table 3 presents a comparison of the calibration and forecast Mielke scores of ShoreFor to the top expert at each3

site, in addition to the top generalist model. As discussed in Section 4.5, these models were selected according to4

their forecast scores. At Grand Popo, most models achieve good Mielke scores over the calibration period, while the5

GP-expert is the only model to improve on ShoreFor’s Mielke score (from 0.51 to 0.63) during the forecast. Similarly,6

most models calibrate well at Narrabeen while the NB-expert is the only model to demonstrate significant forecast7

performance (Mielke score of 0.73). At Duck, the generalist model demonstrates the highest calibration Mielke skill8

of 0.49, while achieving a forecast score competitive with the DU-expert (0.67 compared to 0.7); the generalist and the9

DU-expert both demonstrate superior performance compared ShoreFor which achieves 0.22 and 0.56 Mielke scores10

over the calibration and forecast periods, respectively. Multiple models achieve good performance at Torrey Pines11

during the calibration phase. Interestingly, the DU-expert achieves the highest calibration skill (0.68), while the TP-12

expert achieves the highest forecast score (0.58). The majority of the models fail to reproduce the shoreline timeseries13

at Truc Vert. The DU-expert achieves the highest calibration skill (0.62), while the TV-expert is the model with the14

highest forecast skill score (0.82).15

Overall, these results highlight the differences in the applicability of the different expert models, and demonstrate16

that NSGA-II and CGP can be used to evolve interpretable models that are competitive with the current state-of-the-17

art among data driven techniques for shoreline forecasting. For example, in [78] different types of neural networks are18

studied for shoreline forecasting and autoregressive neural networks are reported as the most accurate, with NARNET19

achieving a MAPE scores of 17.18%, and NARXNET a correlation (r) score of 0.26. Additionally, the data-driven20

techniques tested in [43] include multiple types of neural networks such as MLP, Autoregressive NN, and LSTM, in21

addition to Bayesian Networks, K-nearest neighbors and Random Forests; using these techniques, the authors report22

calibration Mielke skills ranging between 0.62 and 0.97, and forecast skills of 0.28-0.46.23

5.1. Evolved graphs24

Figure 7 presents the graph representation of the generalist models discussed in the previous section. Both can also25

be represented by a system of a equations; the generalist 1 model is equivalent to26

dx
dt

=

{

1
2 P̄

0.5 d
dt

√

�2
2 +

1
4 (R − Ω)

2 + S2, if S ≥ P 0.5 + Ω
0, otherwise

(7)

and the generalist 2 model to27

dx
dt

= P
R
2
d
dt
10S (8)

We first note that both models differ largely from the original ShoreFor model. While the fall-velocity Ω is used,28

there is no calculation of an equilibrium term Ωeq , and the wave energy flux P is used directly to calculate dx
dt , as29

opposed to calculating accretive and erosive wave forcing terms F . The combination of information not used in30

ShoreFor, sea level anomaly S and river discharge R, instead determines the influence of wave power on shoreline31

change. While it is notable that wave power is the primary driver in both evolved models and in ShoreFor, these32

evolved models offer a different perspective on the relationship between sea level, river discharge, wave power, and33

shoreline change.34

6. Discussion35

As presented in Figures 3 and 4, we found a large discrepancy in model performance between the calibration and36

forecast periods. This discrepancy can be attributed to over fitting, a common issue encountered with ML models,37

including GP, where the models learn to replicate the target training data during evaluation, thereby achieving high38

performance during training without learning the actual underlying relationships embedded in the training dataset. A39

possible future direction for this work would be to include the Random Sampling Technique (RST) in the evaluation40

procedure, where only a random subset of the training dataset is used to compute the fitness of individuals at each41
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Table 3
Comparison of the calibration and forecast performances of ShoreFor, the evolved site experts and the evolved generalist
model. The highest Mielke score per site is indicated in bold.

Model �calibration �forecast
GP NB DU TP TV �c GP NB DU TP TV �f

ShoreFor 0.65 0.44 0.22 0.36 0.05 0.34 0.51 -0.04 0.56 0.14 0.34 0.3
CGP-generalist-1 0.73 0.56 0.49 0.48 0.05 0.46 0.51 0.11 0.67 0.23 0.06 0.32
CGP-expert-GP-1 0.82 0.67 -0.24 0.45 0.17 0.37 0.63 0.0 -0.13 0.13 -0.1 0.11
CGP-expert-NB-1 0.66 0.81 0.14 0.35 0.09 0.41 0.23 0.73 0.05 0.06 -0.04 0.21
CGP-expert-DU-1 0.71 0.6 0.38 0.68 0.62 0.6 0.03 -0.0 0.7 0.0 0.3 0.21
CGP-expert-TP-1 0.63 0.8 0.13 0.58 0.05 0.44 0.31 0.17 0.15 0.58 -0.0 0.24
CGP-expert-TV-1 0.8 0.62 -0.15 0.55 0.0 0.36 0.2 -0.18 -0.08 0.44 0.82 0.24

(a)

Ω

P 0.5

φ

2φ

Dir Hs,b Tp

Sla

rivdis

subtract

sqrt_xysubtract

sqrt_xymean gt

mult diff

mult

dx/dt
(b)

Ω P 0.5 φ 2φ Dir Hs,b Tp

Sla

rivdis

pow

tpow

diff

mult

dx/dt

Figure 7: The (a) generalist-1 and (b) generalist-2 models produced by CGP and NSGA-II using ShoreFor as the starting
point for evolution.

generation. RST was first proposed in [19] in order to reduce the computational resources required to run GP. Later1

works demonstrated promising results on the use of RST as a method for improving model generalization in GP2

[32, 36, 23]. In the context of this work, RST could be used to select random periods from each time series in order3

to test model performance during evolution, taking into account the physical signification of the selected periods and4

their lengths. Another possible approach to increasing model generalization and algorithm efficiency, especially in5

cases where larger datasets are available, is the use of a data balancing technique such as [68].6

Another future direction would be to include shoreline data from Satellite Image Time Series datasets, using a tool7

such as [16] for example, in order to enlarge the coverage of the different sites into coastal zones. The availability of8

such a dataset would allow for the use of a more globally-representative set of coastal zones to be used for calibration9

during evolution. It would also allow for a more exhaustive set of test areas after evolution. We believe that such10

modifications would greatly increase the algorithm’s ability to produce more robust generalist models.11

An interesting pattern found during this work is the tendency of the evolved models to degrade the performance of12

the baseline ShoreFor model at certain time scales (see Figures 5 and 6). One possible way to overcome this degradation13

would be to set the different time scales (event-scale, seasonal, interannual, decadal) as the objectives for evolution.14

Furthermore, this work did not explore the effects of different CGP mutation schemes such as node addition and15

deletion, in addition to different crossover operations. However, we believe that it could be interesting to explore16
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such operations, especially considering the possibility of including other shoreline forecasting systems into the initial1

gene-pool of the algorithm.2

7. Conclusion3

In this work, we have presented our experiments on the use of CGP andNSGA-II in order to evolve a pre-established4

shoreline forecastingmodel, ShoreFor. CGPwas used in order to encode the ShoreFor system of equations into a format5

that can be evolved using evolutionary algorithms. During evolution, NSGA-II is employed in order to maintain a6

pareto-front of optimal solutions according to their performances at five different coastal points from around the globe.7

On a population-level, a discrepancy was found between the training and test performances of the evolved models.8

We believe that the inclusion of additional coastal sites in addition to longer shoreline time series would allow for more9

sophisticated experimentation on the use of the Random Sampling Technique to increase model generalization.10

The evolved models were presented from two different perspectives. Expert models are site-specific experts that11

are selected according to the highest forecast score at a specific site. These models were found to achieve a higher12

skill score compared to the baseline ShoreFor model over all sites, during both the calibration and forecast periods.13

On the other hand, generalist models are selected according to their average forecast skill score over the five different14

objectives. The generalist models achieve similar or higher performance than that of ShoreFor over four of the five15

sites used in this work.16

Overall, the results presented in this work are a strong motivation for further study on the use of genetic17

programming and multi-objective genetic algorithms in shoreline forecasting studies due to the wide potential18

applicability of the evolved models and their interpretability as ordinary systems of equations.19

Software and Data Availability20

This work was developed in the Julia programming language (version 1.6.1). We make use of the evolutionary21

computation frameworks CartesianGeneticProgramming.jl and Cambrian.jl originally implemented by D. G. Wilson22

and adapted by M. Al Najar for this work. The software used to produce this work can be found under an Apache23

V2 license at: https://github.com/mahmoud-al-najar/CGP-ShoreFor, in addition to further details on the24

packages required to reproduce the work. The datasets used here originate from a number of related works. Data25

for Grand Popo, Narrabeen, Torrey Pines, Truc Vert were gathered from [1, 62, 37, 8], respectively. Additionally, data26

covering Duck was obtained from the U.S. Army Engineer Research & Development Centre, Coast & Hydraulics27

Laboratory, Field Research Facility1. The CGP-ShoreFor GitHub repository additionally provides the processed data28

compiled from each source’s raw data presented in this work.29
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A. CGP-ShoreFor graph1
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Figure A.1: Graph representations of the Ωeq equation (left) and the full ShoreFor system of equations (right).
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B. Expert graphs1
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Figure B.2: The evolved expert models with the highest forecast performance scores presented in Section 5. (a) CGP-
expert-GP-1, (b) CGP-expert-NB-1, (c) CGP-expert-DU-1, (d) CGP-expert-TP-1 (e) CGP-expert-TV-1.

C. Function set2
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Table C.1
The set of scalar operations included in the GA’s function set.

Function Operation

abs |x|
sqrt

√

x
sin sin x
cos cos x

negate −x
tpow 10x
nop x
add x + y

subtract x − y
mult x ∗ y
div x ÷ y
pow xy

sqrt_xy
√

x2 + y2
lteq x <= y
gt x > y

Table C.2
The set of vector operations included in the GA’s function set. * Assuming a constant time step in the time series.

Function Operation

diff xi = xi − xi−1
sum

∑n
i=1 x

stddev �x
detrend ⟨x⟩

integrate* ∫ b
a f (x)dx ≈

∑n
i=1

f (xi−1)+f (xi)
2

Δxi
mean 1

n

∑n
i=1 x

reverse reverse(x)
irange [1, 2, 3...n], n = lengtℎ(x)
conv conv(x, y)
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