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Abstract. Artificial neural network (ANN) and genetic progranmg (GP) have been applied
to solve a wide range of different problems in talaand ocean areas in order to develop
estimation or forecasting of environmental, ocea aveather parameters, structural loads
and responses. The purpose of this study is toriexget different ANN and GP structures to
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predict sea level variations due to a combinatiérastronomical and meteorological forces.
Conventional tidal forecasting has been based ambaic analysis using the least squares
method to determine harmonic parameters, wherggelaumber of them is required for the
prediction of sea levels. Forecast improvements fayobtained using combination of
harmonic analysis and meteorological variables. Tuse of tools capable to train and
translate the combined influence of meteorologaradl astronomical forcing to predict sea
level variations and reduce the margin of error dam a powerful alternative. In this work,
improvement in the sea level forecasts at the Estea&omplex of Paranagua (Parana State,
Brazil) is expected by giving the knowledge of orelegical and calculated astronomical
tide behavior (by harmonic analysis) to the ANN &9, at the same time period, obtaining
results as close to real observed values as passilad perform this, the models was trained
by using hourly time series of atmospheric presswied, and harmonically derived tides for
a specific year as input data and hourly time eerdf measured tides as output data. The
dataset was obtained from Paranagua meteorologiaal tide gauge stations. If missing data
were found in time series, interpolation based &l Fanalysis was used. For water level
forecast, the meteorological time series were wsethput data, and the resulting water level
outputs will be compared with the water level measients in the same period. In both
methods, different configurations were tested &midly which configuration is the best one.
The performance of the ANN and GP were measuréerms of the correlation coefficient
(R), root mean square error (RMSE) and scatter xn(&d).

Key words. sea level prediction, genetic programming, neuegtivorks.

1. INTRODUCTION

Sea level variations are determinate by a sum ofipcments from oceanographic,
meteorological and astronomical phenomena (Pugh87;19Douglas et al., 2000).
Understanding the non-linear dynamics of these gimema is one of the most challenging
roles in the study of ocean-atmosphere interact®ea level fluctuations forecast and
interpretation are essential for ocean dynamics prehension, mainly at coastal
environments where sea level could affect ecosystéimman navigation, or cause erosion,
floods, etc.. Therefore, a reliable prediction gamovide the possibility of analyse and
guantify these and other impacts produced by seal Ructuations (Pashova & Popova,
2011).

Among the techniques conventionally used for thhredast of sea level, stand out various
methods of harmonic analysis (Franco & Rock, 1%fanco, 2009; Foreman, 1977, Foreman
et al., 2009), which permits forecast of tidal ations due to a locally modified response to
astronomical forcing. However, these methods ateefficient to detect some fluctuations
caused by meteorological events, thus the quafittheir results are often not useful for
extreme events prediction from atmospheric origis.well as the harmonic analyses, other
traditional sea level forecasting techniques haviicalty to predict the effects of
meteorological forcings.

CILAMCE 2015
Proceedings of the XXXVI Iberian Latin-American @ass on Computational Methods in Engineering
Ney Augusto Dumont (Editor), ABMEC, Rio de Jand®d, Brazil, November 22-25, 2015



Faller D.G, Borato L., Andrade A.F., Marone, E.Mhecken, N.F.F

The development and application of new methodotogave shown improvements of up
to 30% on quality of forecasts (Makarynska & Makeskyy, 2008). Among these, particular
techniques of soft computing techniques, such asgickal Neural Networks (ANN) and
Genetic Programming (GP) have great flexibility atulity to work with the non-linearity of
the data and have been incorporated as a powdtérhative to traditional approaches
(Recknagel, 2006; Olden et al., 2006). Nitsureabf2014) explained five strengths of these
techniques, also called data-driven techniquesigbel) understanding of the underlying
physical processes is not a pre-requisite; 2) niodehnd/or observed data need not be huge
and exogenous; 3) re-calibration of the developedeis can be done in comparatively less
time and with less efforts; 4) a reasonable gerxatadn is extracted from the data in spite of
the complex physical processes involved in the phana, and; 5) the developed models are
more robust since they are more data tolerant.

A way of inserting the action of meteorologicaldmgs in the forecast process is the
utilization of Artificial Neural Networks (ANN), wich can translate and learn the relation
between the behaviour of the meteorological ands#®elevel variables. ANN consists of a
network that is inspired by the way that humanrbpbcesses the information. To reproduce
the brain process to reach a reasonable solutidit ke input-output dataset, the network
uses a number of artificial neurons, interconneegtgd connection links of different weight.
The ANNs have been shown to be effective in imprgvsea level predictions (Deo and
Chaudhari, 1998; Tsai and Lee, 1999; Cox et abD22Qee and Jeng, 2002; Oliveira et al.,
2006; Liang et al, 2008). ANNs are computationauctres of nonlinear predictive
modelling (Lek, et al., 1996) viable to solve numes problems, including cases in which
there is little understanding of the processes liram and the relationship between them.
Make prediction for sea level is one case where ANBN be applied (Jain, et al., 1996),
because these are able to translate and learrekfgonships between the meteorological
phenomena and sea level variables.

Genetic programming, first proposed by Koza (1982)a generalization of genetic
algorithm (GA) (Goldberg, 1989), employs a “parsee” structure for the search of its
solutions. This technique has the capability fanleg a set of explicit formulations that rule
the phenomenon and to describe the relationshipdast the independent and the dependent
variables using various operators (Kisi et al., 20IThe GP methods are wide-ranging,
similar to the GA, where their details may be afali from various textbooks (e.g. Goldberg,
1989; Koza, 1992). Generally, they are robust émidly optimal solutions particularly in the
large and complex search space. The techniques thaveapability to derive a set of
mathematical expressions to describe the relatipnisbtween independent and dependent
variables. The GP use operators such as mutateecgmbination (or crossover) and
evolution, names inspired by the theory of evolutamd adopting an evolutionary process to
solve optimization problems based on the mechamkmatural selection (Holland, 1992).
Some studies have applied the GP technique toghdewvel forecast or similar issues and
their results showed considerable improvement imparison with other techniques
(Ghorbani et al., 2010; Khu et al., 2001).
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The purpose of this study is to experiment artficieural network (ANN) and genetic
programming (GP) structures to sea level forecastattons due to a combination of
astronomical and meteorological forces.

2. MATERIALS AND METHODS

2.1 Study Area

The Paranagua Estuarine Complex (PEC) is locatatidncentral-north region of the
Parana State (25°15'S, 48°25'W) with nearly 612 éxtension area. The estuary main area is
divided in two segments, one called Laranjeiras@undraquecaba Bay (with N-S orientation)
and, other, Paranagué and Antonina Bay (with E-\&htetion).

The wave propagation inside the estuary is modibgdits delta shape, particularly
during ebb tide at the estuary mouth. Waves inBEE are characterized by low height (Hs
<0, 25 m) and small period (T <5 s) (Rosa & Bore,02008), however, changes may occur
during tidal regime. The tidal waves have a semarirthl regime, although inequalities and
non-linear effects occur, with two high tides ama tlow tides per lunar day (24 h 50 min)
(Marone et al., 1997). In the internal part of #suary mouth, tidal current velocities reach
0.59 m¢' during flood and 0.97 misin ebb tides. In PEC southern mouth external gaet t
maximum tidal current velocity is 0.32 thsat ~3 m of depth, during flood tides and 0.87 ms
1 during ebb tides (Marone et al., 1997). In metkgical tide terms, sea level could reach
0.80 meters above astronomical tide (Noernberal, ,€2008).

Local atmospheric circulation is characterized lbytS8east and East winds, which have,
in average, 4 msof intensity (Rosa & Borzone, 2008). Although, ridv@re changes due to
cold fronts occurrences. From the local climatolagypossible to corroborate that frontal
systems are the main responsible for sea levelgasaat tidal frequencies. Typical changes
are common in mean sea level, especially duringMnéer, attributed to oceanic cold fronts
passages and strong winds. They also generatearges, and these causes piled up water
into the coastline (Marone & Camargo, 1994).

2.2 Dataset and data treatment

The tidal data used in this study (sampled everyn8tutes) was obtained during 1997 at
tide gauge station located in the West Pier of fyaa Port (25°30’10”S and 48°31’30"W).
Pressure and wind times series are from the mdogpcal station at Pontal do Sul-PR
(25°34°45”S and 48°21'04"W).

The observed mean sea level is the result of astmal tidal forcing plus the changes
over the sea surface height due to meteorologftadts. In order to separate the astronomical
tide from the meteorological one, two general filtg processes are applied. The first one
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requires tidal harmonic analysis (Franco, 2009; dviar& Mesquita, 1997) of the observed
sea level heights to obtain astronomical tidal tamts, which in turn are used to recalculate
pure astronomical tide for a given period. Once dagonomical tide and the observed sea
level are known, the difference (or residuals) ket them is the meteorological tide. This
was the main method used in this work to separatk tides at hourly or half-hourly time
intervals. However, specialized moving averageeriifiy is another way to “clean” the
observed sea level time series, obtaining the matsgical tide without spectral analysing
the data. On this work the Godin filter (Godin, 29Franco, 2009), consisted by two
consecutive addition 24 hours length moving averdges, followed by a 25 hours length
difference moving average filter (A24A24D25), wased to calculate the sea levels, ensuring
that the resulting daily time series is around 988é of astronomical signals.

Meteorological series (pressure and wind) dataityuebntrol was based on a visual
inspection, which detected and corrected errorsauiililers. The spurious values (outliers)
have been replaced by average values between tgbbioe data, or fixed with the repeated
value in the hourly series. Zonal and meridionaldvstress was calculated with the equations
below:

Ty = pCph|W]u

T, = pC, |W]|v

Where:

7, = zonal stress;

7, = meridional stress;

p = air density = 1.22 kg.i)
C, =wind drag coefficient

W = wind module
u = East-West component
v = North-South component

Spurious values were identified as the values costieamong percentiles of 25% and 75% of
the samples, and eliminated.

2.3Multilayer Perceptron ANN network

The MLP network training was based on backpropagalgorithm principles
(Rumelhart et al., 1986; Lippmann, 1987; Kung, 199%e network is composed by three
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types of neuron layers: an input layer, one or nfodelen (or intermediate) layers and an

output layer, each layer including one or more aersi(nodes). In this network, each node in

a layer is connected to all nodes of the next |agat there is no connection between the
nodes of the same layer and no connections refieedifack). Hidden layers are used to assist
the network to deal with data nonlinearity.

Except for input neurons, which only connects goutnvalue with its associated
weight values, the net input of each neuapris the sum of all input values multiplied by
their weightswjn. The bias ternz; can be considered as an additional weight andlysagual
to 1:
a=> WX +z,

The output valuey; can be calculated using the net input supply lher meuron
transfer function:

yi= f(g)

Network training consists in adjusting weights dmakses using the backpropagation
algorithm. For each input vector, an output vecimas calculated by the network and
calculated outputs for error compared to real \&aluéhis procedure is repeated until the
errors become small enough or a maximum predefmadber of iterations (epochs) is
reached. Both weights and biases are used to @dectha error and are pre-set before the
network training. Weights and biases values weitally set to be small random numbers. A
more detailed description of this procedure cafobed in Lek and Guégan (1999).

HIDDEN LAYER

INPUT LAYER

OUTPUT LAYER

processing unit

input weighted sum activation output
function

S

Figure 1. Schematic MLP neural network with thrageks: an input layer, a hidden layer and an ougyetr.

For the best predictive model configuration, défer network architectures were
tested by modifying the number of hidden layers @&k neurons. In addition, we tested the
learning algorithms gradient descent with adapte&rning rate (GDA) and Levenberg-
Marquardt (LM) (Hagan et al, 1996; Dedecker e2@D?2).

As the variables include different range values amdrder to ensure that all
variables are receiving the same degree of impoetaduring the training process, it is
recommended a standardization. Therefore, befdmmisting the data to the network, all the
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input variables have been resized to restrict timarval between -1 and 1 (Dedecker et al.,
2004; 2005).

2.4 Genetic Programming

The GP is similar to Genetic Algorithm (GA) but dioys a “parse tree” structure
for the search of its solutions, whereas the GAleggpbite strips (Ghorbani et al, 2010). The
technique is a truly “bottom up” process, as thé no assumption made on the structure of
the relationship between the independent and deméndariables but an appropriate
relationship is identified for any given time seti@he relationship can be logical statements;
or it is normally a mathematical expression, whinhy be in some familiar mathematical
format; or it may be an assemble of mathematicattions in a completely unfamiliar

format.
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— Perform the ! S —
Select One Individual . ) Insert Offspring into
T oo e Architecture Adteringpie . ot —
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Figure 2. Flowchart of Genetic Programming (Kozaywgenetic-programming.com). Where N is the
maximum number of runs and M the maximum prograza.si

The description and steps bellow were based on Ki2aR).
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Genetic programming typically starts with a popigkat of randomly generated
computer programs composed of the available progeaic ingredients that iteratively
transforms a population of computer programs intoew generation of the population by
applying analogues of naturally occurring geneperations. The iterative transformation of
the population is executed inside the main germrati loop of the run of genetic
programming. The steps of genetic programming (€@) are as follows:

(1) Randomly create an initial population of indival computer programs;

(2) lteratively perform the following sub-steps led a generation) on the
population until the termination criterion is ségs:

(a) Execute each program in the population andrsiets fithess (explicitly or
implicitly) using the problem’s fithess measure.

(b) Select one or two individual program(s) frore fiopulation with a probability
based on fitness (with reselection allowed) toipiete in the genetic operations in (c).

(c) Create new individual program(s) for the popiotaby applying the following
genetic operations with specified probabilities:

(i) Reproduction: Copy the selected individual peog to the new population.

(i) Crossover: Create new offspring program(s)tfae new population by
recombining randomly chosen parts from two seleptegrams.

(iif) Mutation: Create one new offspring progranm fbe new population by
randomly mutating a randomly chosen part of onectet! program.

(iv) Architecture-altering operations (AAO): Choosan architecture-altering
operation from the available repertoire of suchrapens and create one new offspring
program for the new population by applying the @marchitecture-altering operation to one
selected program. GP uses AAO to automaticallyrdete program architecture in a manner
that parallels gene duplication in nature and tHated operation of gene deletion in nature.
These AAO quickly create an architecturally divepgpulation containing programs with
different numbers of subroutines, arguments, itemat loops, recursions, and memory and,
also, different hierarchical arrangements of thelsenents. Programs with architectures that
are well-suited to the problem at hand will tendgimw and prosper in the competitive
evolutionary process, while programs with inadeguathitectures will tend to wither away
under the relentless selective pressure of thegmob fithess measure.

(3) After the termination criterion is satisfiedhet single best program in the
population produced during the run (the best-sardividual) is harvested and designated as
the result of the run. If the run is successfug thsult may be a solution (or approximate
solution) to the problem.

Table 1 shows all parameters modification:
Table 1 - Characteristics of Genetic Programmingleged.

Parameter Value
Generations without improvement 150
Generations since start 200
Maximum number of runs (N) 150
Maximum program size (M) 230
Population size 200
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Mutation frequency (%) 95
Crossover frequency (%) 50
Block mutation rate (%)* 30
Instruction mutation rate (%)** 30
Instruction data mutation (%)*** 40

* Parameter that set the percentage of mutation tipesaeplace an entire block with a new randomly
generated block.

** Sets the percent of mutation operations thatiltdés a single instruction being replaced by a nesmdomly
chosen instruction of the same length.

*** Determines the probability that the mutationesptor will change the temporary computation vdeiatine
inputs or the constants to which an instructioer®fo another temporary computation variable, tinpu
constant.

2.5 Analysis of Results

Basic statistics were performed with the observed kevel data and used for the
formation of the network (mean value, standard ates, minimum and maximum values)
and the respective estimated value. The model®npeaihce were measured in terms of the
correlation coefficient (R), root mean square e(RWMSE) and scatter index (SI), expressions
for which are presented below:

E?r:ltxi — %)y, -7

0=
[
TN (x.— %)y, — 7)2
‘\Jl z—j_( E j (_,z _,]
| AT 2
o lv. — )
RSME = ||Z=-1(*f; )
\
RMSE
SI= —
w

wherex; is the value observed at tite time stepy, the corresponding simulated valie,

the number of time stepg, the mean of observational values gnthe mean value of the
simulations.

3. RESULTS AND DISCUSSION

The data division and input sequence were idenfmaboth methods, where the
standard data division of 70:30 is adopted fomirgj and testing the models. The input data
were the atmospheric pressurg, dahd | wind stress components data series, and the
calculated astronomical tide. The output data 8eeelevel (observed level) measurements.

Throughout the year of 1997, the largest obseridad tange was 335 cm, in May,
24 at 12pm and July, 7 at 2am. The observed avevagel 79,4 cm and a minimum of 30 cm
in December, 15 at 12pm.

During the design step, several neural networksNAMNd genetic programming
(GP) were tested. For ANN were performed 108 diffiémetwork architectures by modifying
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the amount of hidden layers and their neurons }[$6510], [10 5], [10 15], [10 10], [5], [10],
[15], [20] with two types of sigmoid functions: lagthmic and tangential transfer function. In
addition, two variations of backpropagation alguntwere used in this study: the gradient
descent algorithms with adaptive learning and teeehberg-Marquardt (Hagan et al., 1996;
Dedecker et al., 2002). Were tested 200, 500, 1@0d@ing epochs. After tests, the ANN was
chosen with Levenberg-Marquardt algorithm with dédein layer with 20 neurons and transfer
functions log-sigmoid and linear for hidden layedaoutput layer respectively. A stopping
criteria was set at 500 training epochs or meaargguerror ISE value equal to 0.01.

For GP were performed 96 different by were moddythe number of generations
without improvement (100, 150, 200), maximum numbérruns (100, 150, 200, 250),
population size (100 and 200), mutation frequer8fy §nd 95) and crossover frequency (50
and 75). For GP, the Table 1 shows all parametdues.

The results of sea level prediction for all perimdmsidered (1h, 6h, 12h and 24h)
were similar when considering the different metracopted (R, RMSE and Sl) for both
models adopted (Table 2). Figure 3 shows the aioel between the observed and predicted
data for ANN (a) and GP (b) and the correlationMeein the predicted values for the two
networks (c). The correlation between observed estimated were similar in all times
considered for both models, with ANN performancegenarginally better for 1h and 6h and
GP for 24 hours averaging.

Table 2 - Statistical analysis of forecasted valuder ANN and GP.

ANN

S.L. Observed S.L. Estimate
min Max Mean std min Max mean  std R RMSESI

lhour 30.00 335.00179.44 50.93 0.83 295.65 181.09443.82 0.85 27.29 0.152
6hours 104.58244.58 179.44 21.16 121.32  238.96 178.9817.60 0.84 11.61 0.065
12hours 138.33228.54 179.44 15.63 139.11  228.92 179.7713.59 0.83 8.79 0.049
24hours 142.00212.92 179.44 11.93 133.32 197.72 175.479.99 0.82 6.87 0.038

GP

S.L. Observed S.L. Estimate
min Max Mean std min Max mean  std R RMSESI

lhour 30.00 335.00179.44 50.93 30.00 335.00 179.4450.93 0.84 27.38 0.153
6hours 104.58244.58 179.44 21.16 128.96  239.04 179.4617.27 0.83 11.70 0.065
12hours 138.33228.54 179.44 15.63 14455 217.45 180.0912.01 0.83 8.80 0.049
24hours 142.00212.92 179.44 11.93 149.29  198.55 179.549.59 0.83 6.60 0.037

The estimated values for both models were hightyetated at all times considered,
which suggests that both were able to predict te bbserved values with the same
precision. The results of Nitsure et al. (2014)oathowed a similar correlation values
between both models for different tide gauge staticn the United States, but with a
marginally more accurate prediction using GP todjatethe water level. Ghorbani et al.
(2010) showed significant improvements with GP itisscompared with the results of ANN
from Makarynska and Makarynskyy (2008) work.
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Figure 3 - The correlation between the observed angredicted data, considering all the analysed times
(1h, 6h, 12h and 24h) for ANN (first column) and GRsecond column). The third column corresponds to
the correlation between the estimated data for ANNind GP.

When the time series were analysed, the findingthé results of basic statistics.

Figure 4 shows the time series for January and July witmserval of 1h in sea level values.
The results for both models are similar and noueately explain the extreme values in the
variations of the sea levetigure 5 shows the time series for all the analysed peaiwal with

an interval of 24h in sea level values. ClearlyerafSeptember 1997, both models have
difficulty representing sea levels daily, while theedicted values for the previous months are
more reliable.
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Figure 4 — Temporal series considering the valuedserved and predicted (ANN and GP) of level with 1h
range for January and July 1997.
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Figure 5 — Temporal series considering the valuedserved and predicted (ANN and GP) of level with 24
range for all period analysed (1997).

The results described above suggest that the m@@&isand ANN) have similar
performance when trying to predict the sea levasatering different ranges of analysis (1, 6,
12 and 24 hours). However, the predicted valuessrwbompared with actual observed
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values, feature a large discrepancy. This diffeeem@ay be occurring due to some weather
variable that is not being considered in modellargeven by the small set of data used to
train, validate and test the models (only one yeas modelled). Also, the highly non-linear

environment could not being properly modelled. Awotprobably cause is linked with a very

long data series used to train the models. Theghena which determine the sea level for
the next day, for instance, are those happeningrinaous days or so.

3 CONCLUSION

Our results with the current modelling procedutggest that the performance of the
models (GP and ANN) have similar performance whging to predict the sea level and that
both models were able to identify the 81 86% of\hgation in the sea level. It is believed
that the inclusion of other variables that bestraethe study environment, one more concise
data series and the development of other archiesimight improve the sea levels forecasts.
Therefore, further work is necessary using varidas combinations and hybrid techniques,
and more inputs such as bathymetry (or morphol@gy) other meteorological parameters.
This time scale issue is the next step to be imyegsd, training the models with different data
lengths, trying to establish the best length fgiven forecast window.
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