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Abstract

An efficient and accurate prediction of a precise tidal level in estuaries and coastal areas is indispensable for the
management and decision-making of human activity in the field wok of marine engineering. The variation of the
tidal level is a time-varying process. The time-varying factors including interference from the external
environment that cause the change of tides are fairly complicated. Furthermore, tidal variations are affected not
only by periodic movement of celestial bodies but also by time-varying interference from the external
environment. Consequently, for the efficient and precise tidal level prediction, a neuro-fuzzy hybrid technology
based on the combination of harmonic analysis and adaptive network-based fuzzy inference system (ANFIS)
model is utilized to construct a precise tidal level prediction system, which takes both advantages of the harmonic
analysis method and the ANFIS network. The proposed prediction model is composed of two modules: the
astronomical tide module caused by celestial bodies’ movement and the non-astronomical tide module caused
by various meteorological and other environmental factors. To generate a fuzzy inference system (FIS) structure,
three approaches which include grid partition (GP), fuzzy c-means (FCM) and sub-clustering (SC) are used in the
ANFIS network constructing process. Furthermore, to obtain the optimal ANFIS based prediction model, large
numbers of simulation experiments are implemented for each FIS generating approach. In this tidal prediction
study, the optimal ANFIS model is used to predict the non-astronomical tide module, while the conventional
harmonic analysis model is used to predict the astronomical tide module. The final prediction result is performed
by combining the estimation outputs of the harmonious analysis model and the optimal ANFIS model. To
demonstrate the applicability and capability of the proposed novel prediction model, measured tidal level
samples of Fort Pulaski tidal station are selected as the testing database. Simulation and experimental results
confirm that the proposed prediction approach can achieve precise predictions for the tidal level with high
accuracy, satisfactory convergence and stability.
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1 Introduction

The precise tidal level prediction is a significant activity for
the design of coastal constructions such as wharves and harbors.
A precise tidal prediction also has a great influence on decision-
making procedures of vessels or drilling platforms in offshore
areas (Fang et al., 1986). An accurate tidal prediction is particu-
larly crucial in the fields of operation scheduling, such as making
navigation plans of ships through shallow water or bridge. Under
these conditions, decision consideration of the under-keel clear-
ance or the water depth under bridge can be adopted based on
the hourly tidal level forecast. Furthermore, tidal information is a
significant affecting factor for navigation scheduling of platform’s
operation planning. Consequently, the accurate forecasting of

tidal level in the fields of coastal and ocean engineering is an is-
sue of concern (Xiao et al., 2016).

Nowadays, the most popular mechanism in tidal research is
the conventional harmonic analysis method, in which the com-
ponents of tidal can be expressed as the superposition of several
sinusoidal constituents determined by the harmonic analysis ap-
proach. In addition, the conventional harmonic analysis method
remains the basis for long-term tidal prediction (Lee and Jeng,
2002; Lee, 2006). Nevertheless, there are some deficiencies in
practical applications of the harmonic analysis method. First, the
essential constituents of the harmonic analysis method need to
be determined by a considerably long period of tidal level re-
cords. Nevertheless, the long-term tidal level records may not be
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obtained owing to the high cost of the in situ monitoring data; in
addition, the only consideration of this forecasting model is the
influence of celestial bodies and coastal topography like the
framework of the coastline and the profile of the seabed. Con-
sequently, it cannot convey the intricate time-varying meteorolo-
gical impacts on tide, and those impacts are generated by met-
eorological elements like sea rainfall, sea wind, sea ice, atmo-
spheric temperature and pressure and so on. Furthermore, there
are still some other time-varying factors such as river discharge
and fluctuation which will also have great influence on the tidal
level in an estuarine area. Consequently, the forecasting preci-
sion of the conventional harmonic analysis method is quite low
under some circumstances.

In recent years, with the rapid development of artificial intel-
ligence technology such as fuzzy logic and neural network, the
artificial intelligence technology has been widely applied into the
field of engineering computation and simulation (Yin et al., 2014;
Yin and Wang, 2013) due to its strong nonlinear mapping and
self-learning ability. Artificial neural networks (ANNs) have been
proved to be of versatile utility in engineering optimization and
other scientific computation fields (Haykin, 1999), owning to
their excellent abilities of nonlinear mapping, generalization and
self-learning. As an approach of data analysis and processing, the
artificial neural network can express complicated non-periodic
and nonlinear relationships based on the study of the training
data set, which possesses superior predictive performance to the
conventional harmonic analysis approach. As a consequence, it
could be suitable for the precise tidal level predictions. The neur-
al network based on error back propagation (BP) is the most pop-
ular and practical neural network, and it is widely utilized in tide
level forecasting (Lee, 2004, 2008). An online sequential extreme
learning machine based on an improved Gath-Geva fuzzy seg-
mentation and a variable-structure radial basis function neural
network constructed by sequential learning are proposed for tid-
al prediction (Yin and Wang, 2015; Yin et al., 2013; He et al.,
2012). One day ahead tide prediction of the west coast of India
New Mangalore Tide Station was carried out by using the neural
networks (Jain and Deo, 2007), and the artificial neural network
together with regression methods was utilized for the estimation
of monthly mean significant wave heights (Giinaydin, 2008), and
a development of a regional neural network were proposed for
coastal water level predictions (Huang et al., 2003).

Recently, due to the excellent learning and approximation
capability of the adaptive network-based fuzzy inference
system(ANFIS), some novel models based on the ANFIS have
been proved to be a prevalent universal approximator which can
express highly nonlinear functions (Yetilmezsoy et al., 2011). Ac-
tually, in the system of fuzzy inference, the experiment or know-
ledge of humanity together with the process of inference could be
analyzed and characterized qualitatively by means of fuzzy if-
then rules. However, it cannot achieve an accurate quantitative
analysis. Furthermore, the artificial neural network possesses the
excellent capability of self-learning, self-organizing and self-ad-
apting. Nevertheless, they are not able to tackle qualitative know-
ledge and the procedure of inference. As a consequence, ANFIS
model which combines the advantages of the artificial neural
networks and the fuzzy inference systems was proposed by Jang
(1993), Jang and Sun (1995). The ANFIS structure has been suc-
cessfully utilized to approximate highly nonlinear functions, de-
termine nonlinear constitutes in a control and prediction system
(Stefanakos, 2016; Mekanik et al., 2016; Chang and Lai, 2014),
and forecast a chaotic time series (Ruano, 2005). Accordingly,
this proposed novel mechanism is capable of dealing with quite

complicated and highly nonlinear issues (Cakmakci, 2007). Be-
cause of the influence of many uncertain factors, especially the
influence of meteorological factors, the non-astronomical tide
section has the characteristics of strong nonlinearity, time vary-
ing and fuzzy uncertainty. As a result, the ANFIS model which
combines the advantages of the artificial neural network and the
fuzzy inference systems can represent the complicated highly
nonlinearity meteorological influences on tide which is gener-
ated by the meteorological factors like atmosphere, wind, pres-
sure, rainfall, ice, etc. Based on the above analysis, the ANFIS
possesses superior predictive performance to the conventional
harmonic analysis approach and the conventional artificial neur-
al network. Consequently, it could be more suitable for the accur-
ate tidal level predictions.

The ANFIS combined with the harmonic analysis model is
employed in this study with the purpose of constructing a fore-
casting model of the precise tidal level using the measured tidal
level data base. A correlation analysis (Zhao et al., 2014; Nezlin
and Li, 2003) is used to analyze the time series of the precise tidal
level data for the determination of the input dimensions of the
ANFIS prediction model and the hybrid prediction model which
is the combination of the ANFIS prediction model and the har-
monic analysis prediction model. Furthermore, grid partition
(GP), fuzzy c-means (FCM) and sub-clustering (SC) approaches
are exploited for the generation of fuzzy inference system (FIS).
For each approach, a number of different model structures are
established by adjusting the corresponding parameters. The pre-
cise tidal level forecasting performances of the established mod-
els are investigated by numerous simulation experiments in or-
der to obtain the optimal ANFIS based forecasting model. In the
hybrid prediction model, the harmonic analysis method (Clue,
2004) is employed to predict the astronomical tidal parts, while
the optimal ANFIS based forecasting model is utilized to predict
the non-astronomical tidal parts with strong nonlinearity. The
proposed prediction method combines the advantages of the two
methods: the harmonic analysis method can achieve a long-
term, stable astronomical tide forecast, and the ANFIS method
can complete the nonlinear fitting and prediction of tides with
high accuracy and fast convergence rate. And the final predic-
tion result is accomplished by combining the estimation outputs
of the optimal ANFIS- based forecasting model and the harmon-
ic analysis model. Additionally, the main purpose of this re-
search is to solve the issue of precise tidal level forecasting by
means of constructing a stable and reliable prediction model,
and thus a useful and valuable reference could be provided to
marine engineering managers for the future early prediction and
management of the tidal water level. The proposed model is em-
ployed to study its suitability and applicability for the hourly pre-
diction of the tidal water level. The measured tidal data of Fort
Pulaski Tidal Station is selected as the testing data base. In this
research, conventional harmonious analysis and the BP method
together with the traditional AR (auto regression) approach are
also employed to compare the performance with the proposed
hybrid forecasting model. The results of the simulation have con-
firmed that the proposed novel prediction model can give predic-
tions for the precise tidal level with high accuracy, excellent con-
vergence and satisfactory stability. Furthermore, the experiment
results acquired could be a valuable reference to the correspond-
ing researchers in the study area of tidal prediction.

The rest of the paper is organized as follows: a brief descrip-
tion about the ANFIS is given in Section 2; the ANFIS modeling
process is represented in Section 3 together with the comparison
of three approaches which are employed to generate the FIS for
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obtaining the optimal ANFIS- based forecasting model; harmon-
ic analysis method together with the hybrid prediction model
which is the combination of the harmonic analysis method and
the optimal ANFIS-based forecasting model is provided in Sec-
tion 4; simulation results and detailed discussions are displayed
in Section 5; and conclusions are shown in the last section.

2 Adaptive neuro-fuzzy inference system

ANTFIS belongs to a kind of multilayer feedforward network
which utilizes training and learning algorithms of the neural net-
work together with the fuzzy inference approach to map the in-
put space to the output space. It is composed of input-output in-
formation and a fuzzy rule data base of the Takagi-Sugeno type
(Jang, 1993). For simplification, it is assumed that the structure of
the ANFIS possesses two inputs variables x, y and one output
variable f. Figure 1 shows the framework of the ANFIS model,
which consists of five layers with two input variables (x and y).
Actually, the fuzzy if-then rule consists of two primary modules:
IF module and THEN module which are named as antecedent
part and consequent part respectively. Then, for a first-order Su-
geno fuzzy model (Takagi and Sugeno, 1985), the corresponding
fuzzy rule data set with two fuzzy if-then rules can be represen-
ted as:
for Rule 1, if xis A, and y is B,, then fi=p,x+q,y+1;;
for Rule 2, if xis A, and y is B, then f,=p,x+q,y+7,;
where p, g;and r; (i=1 or 2) denote linear parameters in the con-
sequent part of the Sugeno fuzzy model; and A, and B, represent
the linguistic labels which are expressed by fuzzy rule sets.

Layer 1

Layer2  Layer3

Layer 4 Layer5

Fig. 1. The ANFIS architecture.

The basic principle of the neuro-adaptive learning mechan-
isms is very simple. It provides an effective approach for the fuzzy
modeling process to learn knowledge from a data base, to calcu-
late the corresponding parameters of a membership function.
For the sake of calculating the parameters of consequent part
(linear parameters or consequent parameters) by employing a
hybrid learning algorithm, the ANFIS model maps the FIS into
neural network architecture. In the hybrid algorithm, the mem-
bership function parameters (nonlinear parameters or ante-
cedent parameters) are confirmed by utilizing the back-propaga-
tion learning algorithm. Meanwhile, the consequent parameters
(linear parameters) are calculated by utilizing the least square
approach.

Figure 1 expresses the framework of the ANFIS model consist-
ing of two inputs variables x, y, and one output variable fwith two
fuzzy rules which are represented in the antecedent section. The
first layer of the ANFIS modeling is the fuzzification layer where
A, and B; denote linguistic labels. The output value of the fuzzific-
ation layer is membership grades of the corresponding fuzzy sets.
Namely, in the first layer, the antecedent parameters are com-

puted. The firing strength for the corresponding fuzzy rule is ob-
tained by using the AND operator in the second layer. The third
layer is a normalization layer, and the main target of which is to
obtain the ratio of the ith fuzzy rule’s firing strength to the sum of
entire fuzzy rules’ firing strength. In the fourth layer, the results
from Layer 3 are multiplied with the function of Sugeno infer-
ence system. Only one node exists in Layer 5, and this single node
calculates the sum of entire outputs of each fuzzy rule from Lay-
er 4. After that, the weighted averaged approach is applied to
achieve the procedure of defuzzification, which converts the
fuzzy outputs into actual results.

In the forward propagation process of the ANFIS model, the
outputs of premise section will be delivered to Layer 4 and the
least squares estimate approach is employed for the adjustment
of the consequent parameters. In the backward propagation pro-
cess, the error information will be conveyed backward to Layer 1
and the gradient descent algorithm-based back-propagation ap-
proach is applied to adjust the antecedent parameters.

3 Prediction model based on the adaptive neuro fuzzy infer-
ence system

3.1 Tidal data analysis

The conception of correlation analysis (Young and Shellswell,
1972) originates from the signal analysis and processing, and cor-
relation analysis reflects that how the correlation between any
two values in a time series is changed over time. The autocorrela-
tion analysis characterizes the correlation of each time series and
it can also represent the correlation between neighboring vari-
ables of the time series in detail. Autocorrelation function and
partial autocorrelation function are effective methodologies to
analyze and tackle the issues of complicated time series: the
autocorrelation function depicts the relationship of each time
series, as a consequence, it can also represent the correlation
between the adjacent variables of time series; while the partial
correlation function eliminates the effect of other intermediate
variables in time series. In the tidal data analysis, the time series
of tidal level data is influenced by numerous variable factors that
are hard to be determined by nautical equipment, which makes it
difficult to calculate the contribution to the tidal level respect-
ively. As a consequence, the correlation analysis approach is ap-
plied to analyze the correlation between the time series of tidal
level, and then to obtain the input dimension of the ANFIS fore-
casting model. In this study, the correlation value of 0.4 is chosen
as a reference standard to determine the input dimension and
the analysis results is illustrated in Fig. 2 and Fig. 3. Figure 2
shows that the autocorrelation coefficient of tidal level time
series data is tailing. Furthermore, Fig. 3 implies that the partial
autocorrelation coefficient is a four-order truncation. To sum-
marize, the correlation analysis confirms that the time series
value from ¢-1 to -4 moment has a noticeable relevance with the
time series value of moment ¢, which can be chosen as the input
of the ANFIS forecasting model.

Generally, fuzzy rules of ANFIS model are produced automat-
ically. For the sake of generating FIS architecture from sampling
data in the ANFIS model, three approaches including GP, FCM
and SC are investigated in this research. Additionally, these ap-
proaches are employed to construct and determine the best AN-
FIS model for tidal level prediction model. In the simulation pro-
cess, parameters of ANFIS forecasting model are determined
within the stage of training. The checking data set is utilized to
verify the effectiveness and the accuracy of the forecasting model.

As shown in Fig. 4, the symbol of the white star represents
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Fig. 2. Autocorrelation analysis of tidal data.
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Fig. 3. Partial autocorrelation analysis of tidal data.

Fort Pulaski Tidal Station which is selected as the testing point,
and the other five white diamond symbols represent the other
five tidal stations chosen for the validation of the proposed tidal
level forecasting model. The experimental measurements of Fort
Pulaski Tidal Station over the duration from 1 January 00:00 GMT
2015 to 7 September 23:00 GMT 2015 with time resolution of 1 h,
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Fig. 4. Location map of the tidal level station on the Georgia and
South Carolina coast of the United States (http://co-
0ps.Nn08.n0aa.gov/).

totally 6 000 pairs of observed tidal level data which includes 70%
of the training data, 30% of the checking data, are chosen as the
checking and training data base for the selection of the optimal
ANFIS prediction model. Furthermore, these measured tidal data
of Fort Pulaski Tidal Station will also be employed to verify the
validity and practicability of the proposed hybrid tidal prediction
model. All the measured tidal level data employed in this study
can be obtained from the web site http://co-ops.nos.noaa.gov/.
In this study, The ANFIS model is constructed by totally five lay-
ers, which includes input layer with four input nodes (tidal level
data at #-1, t-2, t-3 and -4 moment), input membership function
layer with several input membership function nodes, fuzzy rule
layer with several fuzzy rules, and output membership function
layer with several output membership function nodes which
equals to the number of fuzzy rules, and the output layer with
one output node (tidal level data at moment ¢). The detailed AN-
FIS model for the tidal level prediction is illustrated in Fig. 5.

input membership
functions

output membership
functions

inputs fuzzy rules outputs

Fig. 5. The ANFIS structure of the tidal level prediction system.

3.2 Grid partition mechanism

The GP approach is employed for the generation of Sugeno
FIS by utilizing the learning data base. The sample set is divided
into numerous local fuzzy regions by utilizing an axis-paralleled
partition based on the predefined membership functions in the
process of the GP algorithm. The GP approach consists of eight
different types of the membership function (gauss MF, dsig MF,
gauss2 MF, gbell MF, pi MF, psig MF, trap MF and tri MF). The
number of the input membership functions can be designated in
combination with each input variable. Since the ANFIS-GP mod-
el is a kind of Takagi-Sugeno system, only one output can be ob-
tained, and the linear output function is chosen in this study.
Furthermore, the number of the fuzzy rules produced by the GP
approach is equal to that of output membership functions. In this
subsection, the alternative prediction models include numerous
FIS structures are created by employing diverse membership
function characteristics (types, numbers). The optimal forecast-
ing model is investigated through a large number of simulation
experiments. Eight sub-models (eight different types of input
membership function together with the linear output function)
are created for each alternative forecasting model in the simula-
tion. Nevertheless, the experiment results of these alternative
models are not provided in detail. Only, the forecasting model
which possessed the minimum checking MAE and RMSE value,
and its characteristics are represented as an optimal forecasting
model. Through numerous experimental explorations, the char-
acteristics and experimental results of the entire alternative fore-
casting models are shown in Table 1. The training parameters of
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Table 1. Characteristics and experimental results of the alternative ANFIS-GP models

Model Numberof Typeof — Typeof Numberof Number . o /s Epoch _ RMSE/m : _ MAE/m ‘
input MFs input MF output MFs output MFs ofrrule Training set Checking set Training set Checking set
ANFIS-GP1 [2232] gauss MF linear 24 24 112.561969 100 0.050 90 0.058 59 0.038 25 0.044 57
ANFIS-GP2 [2322] dsigMF linear 24 24 105.177371 100 0.051 05 0.058 65 0.038 37 0.044 67
ANFIS-GP3 [2222] gauss2 MF linear 16 16 74530401 100 0.051 44 0.058 84 0.038 62 0.044 60
ANFIS-GP4 [2222] gbell MF linear 16 16 86.102379 100 0.051 33 0.058 56 0.038 52 0.044 52
ANFIS-GP5 [2322] pi MF linear 24 24 100.846 349 100 0.051 29 0.059 16 0.038 54 0.045 02
ANFIS-GP6 [2322] psig MF linear 24 24 100.406 400 100 0.051 05 0.058 65 0.038 37 0.044 67
ANFIS-GP7 [2222] trap MF linear 16 16 55.677716 100 0.052 01 0.059 25 0.039 02 0.044 82
ANFIS-GP8 [2322] tri MF linear 24 24 104.189945 100 0.051 72 0.058 96 0.038 78 0.044 85
ANFIS-GP9 [3333] gbell MF linear 81 81 1051.324 340 100 0.049 03 0.060 93 0.037 15 0.046 27

the GP fuzzy system consists of maximum number of epochs, an-
ticipation error, initial step size, step size decreasing rate and in-
creasing rate, and the corresponding value of these parameters
are 100, 0, 0.01, 0.9 and 1.1, respectively.

Table 1 shows that the ANFIS-GP4 which possesses the min-
imum checking error (MAE is 0.044 52 and RMSE is 0.058 56) is
the optimal prediction model. The input membership function
type of the ANFIS-GP4 model is the bell-shaped membership
function named as gbellmf. For each input variable, there are two
input membership functions, respectively. In addition, the op-
timal fuzzy rule number is 16. The fuzzy rule number has in-
creased substantially with the growth of the membership func-
tion number for each input variable, which makes the training
speed of the simulation model reduce significantly. Furthermore,
it can be inferred from the ANFIS-GP9 model that with the
growth of the fuzzy rule number, the checking error will be in-
creased, while the training error will be reduced, and the corres-
ponding training speed is also descended significantly.

3.3 Fuzzy-c means mechanism

FCM clustering approach is employed for the sake of produ-
cing a FIS structure in this subsection. The FIS structure will gen-
erate the fuzzy rules which are extracted from the sampling data
characteristic. In this approach, the numbers of the membership

functions and the fuzzy rules for the input and output variables
will be obtained by the FCM mechanism. The number of fuzzy
cluster centers which are created by the FCM method can be pre-
defined in the modeling process. Furthermore, when the type of
the FIS architecture is assigned as Takagi-Sugeno, the types of
the input and output membership functions will be designated as
gauss and linear, respectively. Nineteen alternative prediction
models are created by predefining the number of the fuzzy
cluster centers with a variation of 2-20. Additionally, the num-
bers of the membership functions and the fuzzy rules are determ-
ined by the number of cluster centers. Simulation experiments
for these alternative prediction models are conducted for the se-
lection of the optimal FIS architecture, and the model character-
istics together with experimental results are shown in Table 2.
It should not be concluded that better experimental results can
be acquired with more cluster centers, which can be inferred
from Table 2. Besides, as shown in Table 2, the ANFIS-FCM12
prediction model with 12 fuzzy cluster centers shows the smal-
lest checking error (MAE is 0. 0449 7, and RMSE is 0. 059 28) and
at this moment the RMSE value of the training error changes into
0.051 93. Consequently, the ANFIS-FCM12 model with 12 fuzzy
rules is considered as the optimal prediction model. Further-
more, it can be concluded from Table 2 that the prediction mod-
el becomes over-fitting with the increase or decrease of the num-

Table 2. Characteristics and experimental results of the alternative ANFIS-FCM models

Model Number of N umber of Number of Number Time/s Epoch _ RMSE/m : _ MAE/m :
cluster center inputMFs output MFs of rule Training set Checkingset Trainingset Checking set
ANFIS- FCM2 2 [2222] 2 2 26.266 174 100 0.056 37 0.061 18 0.042 49 0.047 10
ANFIS- FCM3 3 [3333] 3 3 15.762 437 100 0.054 81 0.060 16 0.041 21 0.046 37
ANFIS- FCM4 4 [4444] 4 4 20.328 44 100 0.054 86 0.060 48 0.041 34 0.046 42
ANFIS- FCM5 5 [5555] 5 5 21.921 39 100 0.05359 0.059 65 0.040 28 0.045 67
ANFIS- FCM6 6 [6666] 6 6 23.433090 100 0.053 81 0.059 99 0.040 51 0.046 04
ANFIS- FCM7 7 [7777] 7 7 26.553552 100 0.052 63 0.059 46 0.039 58 0.045 24
ANFIS- FCM8 8 [8888] 8 8 29.771149 100 0.052 51 0.059 30 0.039 44 0.04511
ANFIS- FCM9 9 [9999] 9 9 33.856435 100 0.052 34 0.059 43 0.039 22 0.045 22
ANFIS- FCM10 10 [10101010] 10 10 38.464749 100 0.052 22 0.059 62 0.03913 0.045 24
ANFIS- FCM11 11 [11111111] 11 11 42.34799 100 0.052 30 0.059 70 0.039 29 0.045 22
ANFIS- FCM12 12 [12121212] 12 12 47.102289 100 0.05193 0.059 28 0.038 94 0.044 97
ANFIS- FCM13 13 [13131313] 13 13 51.665819 100 0.05172 0.059 67 0.038 71 0.045 31
ANFIS- FCM14 14 [14141414] 14 14 56.653430 100 0.051 52 0.059 97 0.038 60 0.045 43
ANFIS- FCM15 15 [15151515] 15 15 63.366390 100 0.051 44 0.059 78 0.038 54 0.045 24
ANFIS- FCM16 16 [16 16 16 16] 16 16 66.637524 100 0.051 40 0.059 69 0.038 51 0.045 24
ANFIS- FCM17 17 [17171717] 17 17 75.753891 100 0.051 48 0.059 69 0.038 68 0.045 32
ANFIS- FCM18 18 [18181818] 18 18 79.162627 100 0.05111 0.060 06 0.038 26 0.045 57
ANFIS- FCM19 19 [19191919] 19 19 85.838959 100 0.050 94 0.060 09 0.038 26 0.045 69
ANFIS- FCM20 20 [20 20 20 20] 20 20 166.260 874 100 0.051 04 0.060 48 0.038 30 0.045 93
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ber of cluster centers, and the training speed of the model is also
gradually descended with the increase of the number of cluster
centers.

The training parameters of the FCM method in this study are
composed of exponent of the partition matrix with defaulted
value of 2, maximum number of iterations with defaulted value of
100 and error stopping criterion with defaulted value of 0.000 05.
The number of the clustering centers will determine the number
of the membership functions and the fuzzy rules of the FCM
fuzzy system, and the training parameters of the FCM fuzzy sys-
tem are the same as the SC fuzzy system.

3.4 Sub clustering mechanism

In the SC approach, it is presumed that each datum pointis a
potential clustering center. The likelihood that each datum point
would become the clustering center is calculated based on the
density index of neighboring data points, and those data points
which are selected as the clustering centers possess the highest
density index. To determine the new clustering center and its loc-
ation, the SC method eliminates the entire data points around
the first cluster center as confirmed by the radii, and the iteration
loop continues until the entire data points are included in the ra-
dius of the clustering center (Cakmakci, 2007). Subtractive clus-
tering method is composed of four algorithm parameters which
include squash factor, range of influence, rejected ratio and ac-
cepted ratio (Chiu, 1994).

The optimal ANFIS model based on the SC approach is ob-
tained by adjusting the clustering parameters manually. Since
the variation of the range of influence (RI) value has a great influ-
ence on the model’s fuzzy rules produced by the SC algorithm,
and the fuzzy rules will affect the performance of the whole net-
work model. Consequently, the RI value is varied from 0.1 to 0.8
with 0.05 increment. Furthermore, the remaining three paramet-
ers of the SC algorithm are set to defaulted value which includes
squash factor with defaulted value of 1.25, accepted ratio with de-
faulted value of 0.5 and rejected ratio with defaulted value of 0.15,
and because the variation of these SC parameters will not have a
significant impact on the entire model. Consequently, 13 altern-

ative prediction models are established for the selection of the
optimal prediction model with the variation of the RI value.
Types of the input and output membership functions are spe-
cified as gauss and linear for the entire alternative prediction
models. The number of the membership function is determined
by the SC algorithm. Furthermore, the number of the fuzzy rules
is the same as the number of membership function of each input
variable. The training parameters of the SC fuzzy system are the
same as the GP fuzzy system.

The experimental results of these alternative prediction mod-
els are illustrated in Table 3. It can be inferred from Table 3 that
the optimal SC forecasting model is ANFIS-SC5 which possesses
the minimum checking error (corresponding MAE is 0. 044 93
and minimum RMSE is 0. 059 16). The simulation results of the
ANFIS-SC5 model are obtained when the RI value is set as 0.40,
and this model has ten fuzzy rules. Furthermore, it can be con-
cluded from Table 3 that the lower RI values will generate the
higher rule numbers. In addition, with the increase of the RI val-
ues, the convergence speed of the simulation model is gradually
accelerated, while the prediction model becomes over-fitting
with the increase or decrease of the value of RI.

3.5 Comparison of three ANFIS prediction model

Based on the simulation results of the ANFIS model of three
different fuzzy system generating approaches, the optimal simu-
lation models are ANFIS-GP4, ANFIS-SC5 and ANFIS-FCM12. In
order to determine the best ANFIS model for tidal level forecast-
ing from the three optimal models, the prediction performance of
these produced models is evaluated by utilizing the testing data
base obtained from Fort Pulaski Tidal Station with the duration
from 2015-09-08 00:00 to 2015-12-31 23:00, totally 2 760 pairs of
testing samples. The experimental results based on the same
simulation environment and the same training parameters are
shown in Table 4. The simulation results confirm that the ANFIS-
GP4 with the GP approach is the best tidal level prediction mod-
el which possesses the highest r (0.997 90) and the lowest MAE
and RMSE value (0.037 97 and 0.050 24).

Table 3. Characteristics and experimental results of the alternative ANFIS-SC models

Model RI Numberof ~ Numberof ~Number Time/s  Epoch _ RMSE/m : _ MAE/m :
input MFs ~ output MFs  ofrule Training set Checkingset Trainingset Checking set
ANFIS-SC1 0.20 [30 30 30 30] 30 30 179.748 311 100 0.050 26 0.060 86 0.037 85 0.046 16
ANFIS-SC2 0.25 [18181818] 18 18 80.960 301 100 0.051 23 0.059 87 0.038 37 0.045 46
ANFIS-SC3 0.30 [13131313] 13 13 51.961 271 100 0.051 76 0.059 30 0.038 74 0.044 94
ANFIS-SC4 0.35 [12121212] 12 12 48.074 167 100 0.051 61 0.059 37 0.038 58 0.044 91
ANFIS-SC5 0.40 [10101010] 10 10 40.382 104 100 0.052 05 0.059 16 0.038 94 0.044 93
ANFIS-SC6 0.45 [8888] 8 8 41.668 747 100 0.052 24 0.059 19 0.039 14 0.044 92
ANFIS-SC7 0.50 [7777] 7 7 31.642 998 100 0.052 31 0.059 25 0.039 14 0.044 98
ANFIS-SC8 0.55 [6666] 6 6 24.628 198 100 0.052 45 0.059 36 0.039 22 0.04510
ANFIS-SC9 0.60 [6666] 6 6 35.701 686 100 0.052 57 0.059 42 0.039 35 0.04512
ANFIS-SC10  0.65 [6666] 6 6 24.940 734 100 0.052 61 0.059 30 0.039 40 0.045 09
ANFIS-SC11 0.7 [4444] 4 4 20.486 733 100 0.053 89 0.059 54 0.040 56 0.045 52
ANFIS-SC12  0.75 [4444] 4 4 19.848 708 100 0.054 00 0.059 85 0.040 68 0.045 94
ANFIS-SC13 0.80 [4444] 4 4 21.346 840 100 0.054 08 0.059 89 0.040 75 0.045 99
Table 4. Comparison of three ANFIS prediction models
Model Time/s Epoch r RMSE/m MAE/m
ANFIS-GP4 646.043 193 100 0.997 90 0.050 24 0.037 97
ANFIS-SC5 46.093 081 100 0.997 85 0.050 81 0.038 21
ANFIS- FCM12 27.241 647 100 0.997 84 0.050 92 0.038 28
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4 Hybrid tidal level prediction system

4.1 Harmonic analysis

Theoretically explaining, tides are the periodic vertical move-
ments of the sea level, which are caused by the gravitational at-
traction between celestial bodies (especially the earth, the moon
and the sun). The origin of tide is the tide-generating force of the
celestial bodies in space which is a combination of the centrifu-
gal and gravitational forces between the earth and the other ce-
lestial bodies.

In practice, a most commonly and widely utilized tidal level
prediction approach is harmonic analysis method which ap-
proach decomposes the complicated tides into a couple of peri-
odic constituents and each of which is generated by a hypothetic-
al celestial body. At moment ¢, for a definite tide station with the
height h(t) of tide, it can be expressed as

W)= H, + S f,H, coslo,1+(v, +u), - g, M

k=1

where H, is the mean sea level, f, is the node factor, o, is the an-
gular velocity of tidal components, (v,+u), is the initial phase of
the tidal components, H is the amplitude of tidal components,
and g, is the time interval from the moments of the celestial body
passing the upper transit meridian to the moments of high water
occurance. H; and g, are the harmonic analysis constants.

In practice, the quantity of tidal components may be quite
huge; fortunately, most of the tidal components can be ignored
because of their smaller amplitude (H,) and the longer period
(8,)- In actual calculation, Eq. (1) can be rewritten as

n

W)= H,+ S h, cos(@t =), )

where 7, is the number of components, k, is the amplitudes of
the tidal components, , is the angular velocity of the tidal com-
ponents, and ¢, is the initial phase of the tidal components.

The harmonic analysis method is widely employed in tide
prediction because of its stable prediction performance and
simple calculation process. Though the harmonic analysis meth-
od is extensively used for tidal level prediction, the drawback of
the conventional harmonic analysis method is quite apparent:
the harmonic constant of this approach requires a considerable
number of the measured tidal data which is a laborious and time-
consuming job.

4.2 Hybrid tide prediction model based on the combination of the

ANFIS and harmonic model

According to the origin of the tide, tidal level forecasting can
be divided into two parts: the astronomical tide parts caused by
the celestial bodies’ movement and the non-astronomical tide
parts caused by various meteorological factors. In addition, the
trends of these meteorological factors are shown in Fig. 6.

The astronomical tide which is mainly caused by the tidal
force of the celestial bodies has a notable time-varying character-
istic, while the non-astronomical tide shows strong nonlinearity.
In this study, the conventional harmonic analysis method is im-
plemented to predict the astronomical tide section, and the re-
sidual tide section is predicted by the ANFIS prediction model.
The residual section is a complicated association caused by the
topography, and hydrological and meteorological factors. The
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ANFIS prediction model fits the residual tide section which owns
obvious nonlinear performances accurately. The final prediction
model is composed of the harmonic prediction model and the
optimal ANFIS (ANFIS-GP4) prediction model. The composition
and training process of the final modular prediction model are il-
lustrated in Fig. 7.
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Fig. 6. Changes of meteorological elements.
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In the hybrid prediction model, the observed tidal data y(¢),
y(t-1), ..., y(t-q) are set as the input of the model. Where y,, y,(¢-1),
..y Yo(t-q) are the tidal prediction values obtained by the harmon-
ic prediction method, y,, y,(t-1), ..., y,(t-q) are the difference
between y and y,,. Finally, the ultimate modular prediction mod-
el is the combination of the harmonic prediction model and the
ANFIS-GP4 prediction model. Eventually, the predictive tidal
level y(t+1) is the association of y, (#+1) and y,(¢+1).
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5 Tidal level prediction based on different forecasting ap-
proaches

The measured tidal level data at six east coast tidal stations in
America are applied to validating the effectiveness of the pro-
posed novel method. The locations of these tide gauge stations
are shown in Fig. 4. The sampling period of each tide gauge sta-
tion is identical to the sampling period of the Fort Pulaski Tidal
Station. The simulation experiment of this research is based on
Matlab2012b.

For a further comprehensive comparison of the simulation
results, root mean square error (RMSE), mean square error
(MSE), mean absolute error (MAE), standard deviation (SD) and
mean error (ME) are introduced as an evaluation indicators to
evaluate the performance of the proposed prediction model. The

concepts of the e, the e, the e, the d, and the e, are shown
as follows:
sample L
) ; e =) ®
erms - N >
Hample
a2
; e =) @
ems = - . >
N
1 Ngample
e, = N Z abs(y, = 7,), ®)
sample
— 2
A=\~ Ge-u). ©)
N f=
B 1 Msample R
€n _F (yk =V Q)
where ng,,. is the number of the sample data, y represents the

arithmetic mean value of the observed data, y, represents the
value of the observation, and y, denotes the value of prediction.

5.1 Tidal level prediction by using the harmonic analysis model

The tidal level prediction of Fort Pulaski Tidal Station by us-
ing harmonic analysis forecasting method is illustrated in Fig. 8
together with the observed ones, which is shown at the website of
the NOAA, with the time resolution of 1 h. It can be obviously
concluded from Fig. 8 that the predicted value of the tidal level
falls below the observation value from the beginning to the end,
which illuminates that the tidal level can be influenced by nu-
merous unexpected factors of the environmental changes, such
as the heavy sea surface wind and rough sea. Furthermore, there
exists a considerable sustained deviation with the coefficient of
regression r of 0.984 67 which is depicted in Fig. 8. The sustained
offset between the predicted and observed tidal data reaches up
to 0.5 m and the forecasting error of the harmonic analysis mod-
elis in a range of [-0.5, 0.6], which can be revealed from the error
diagram in Fig. 8. Furthermore, the harmonic prediction model
also has a larger prediction error which can be seen from the er-
ror histogram analysis in Fig. 8

Figure 9 is the linear regression diagram of the measured and
predicted results by using the harmonic analysis method.
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Fig. 8. Simulation results by using the harmonic analysis meth-
od (Fort Pulaski Tidal Station). The red line denotes the meas-
ured value of the tidal level, and the dot symbols represent the
predicted values of the tidal level by using the harmonic analysis
method.
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Fig. 9. Linear regression diagram by using the harmonic analys-
is method (Fort Pulaski Tidal Station). Y=T is a standard linear
function. This figure and subsequent graphics represent the de-
gree of correlation between the output variable (predicted value)
and the target variable (measured value).

5.2 Tidal level prediction by using the conventional auto regres-
sion (AR) and back propagation (BP) model

The BP neural network is a multilayer feed-forward networks
which is proposed by Rumelhant and McClelland in 1986. The
learning and training procedure of the BP network is composed
by the back propagation of error information and the forward
propagation of learning information. The BP neural network has
been employed by Lee (2004, 2006, 2008) and Lee and Jeng
(2012) for the prediction of the short-term storm surge and tidal
predictions, and it also acquired favorable effect in practice.

The AR model is a traditional linear prediction mechanism,
and it is also known as N-order autoregressive model. The core
arithmetic of this model is relatively simple, but its application is
quite reliable. The AR model is a kind of classic researching mod-
el in the time series analysis and is widely employed in the field
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of prediction (Mabrouk et al., 2008; Lin et al., 2004). The signific-
ance of the AR model is that it can characterize the influence and
the effect of the factors on the prediction target only through the
historical observation of the time series, and it is independent of
the assumption that the model variables are independent of each
other. In addition, the constructed model can eliminate the ad-
verse effect due to the choice of independent variables and mul-
ticol-linearity problem in traditional regression forecasting mod-
els. A novel sparse AR model is also proposed for the prediction
of tidal current (Lu et al., 2015).

The results of tidal level predictions at Fort Pulaski Tidal Sta-
tion by using the AR and BP methods are shown in Figs 10 and
11, respectively. The deviation between the predicted and meas-
ured values is quite apparent and the predicted results are in
poor agreement with the measured results, which can be further
confirmed by linear regression diagram in Figs 12 and 13. In ad-
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Fig. 10. Simulation results by using the AR method (Fort Pulaski
Tidal Station). The red line denotes the measured value of the
tidal level, and the dot symbols represent the predicted values of
the tidal level by using the AR method.
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Fig. 11. Simulation results by using the BP method (Fort Pulaski
Tidal Station). The red line denotes the measured value of the
tidal level, and the dot symbols represent the predicted values of
the tidal level by using the BP method.
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dition, the prediction error of the conventional AR model is signi-
ficantly larger than that of the conventional harmonic analysis
prediction error and the BP prediction error, which can also be
concluded from the error diagram in Figs 8, 10 and 11. The pre-
diction error of AR and BP forecasting model is in the range of
[-0.7,0.7] and [-0.3, 0.3], respectively.

Figures 12 and 13 are the linear regression diagrams of the
measured and predicted results by using the conventional AR
and BP forecasting methods. The regression coefficients of the
conventional AR and BP models are 0.889 00 and 0.997 15, re-
spectively.
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Fig. 12. Linear regression diagram by using the AR method (Fort
Pulaski Tidal Station).
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Fig. 13. Linear regression diagram by using the BP method (Fort
Pulaski Tidal Station).

5.3 Tidal level prediction by using the conventional ANFIS-GP4

prediction model

It can be apparently recognized from Fig. 14 that the pre-
dicted values generated by the ANFIS-GP4 forecasting model co-
incide well with the observed tidal data than the conventional
harmonic method. The prediction error of the ANFIS forecasting
model is in the range of [-0.25, 0.25], as shown in Fig. 14. Figure 14
also illustrates that the prediction accuracy is significantly im-
proved compared with the harmonic prediction model. Never-
theless, the error fluctuation range is relatively large as shown in
Fig. 14.

Figure 15 is the linear regression diagram of the measured
and predicted results by using the conventional ANFIS-GP4 fore-
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Fig. 14. Simulation results by using the conventional ANFIS-
GP4 method (Fort Pulaski Tidal Station). The red line denotes the
measured value of the tidal level, and the dot symbols represent
the predicted values of the tidal level by using the ANFIS-GP4
model.
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Fig. 15. Linear regression diagram by using the conventional
ANFIS-GP4 method (Fort Pulaski Tidal Station).

casting method. The closeness between the observed tidal values
and the forecasted ones can be further validated by the correspond-
ing higher regression coefficient of 0.99732, as shown in Fig. 15.

5.4 Tidal level prediction by using the hybrid ANFIS prediction

model

The tidal level forecasting results by using the hybrid ANFIS
prediction method are represented in Fig. 16 together with the
real observations. It can be noticed from the Error diagram in Fig.
16 that there is no large continuous offset between the predicted
values and the actual ones. Furthermore, the forecasting results
are located around the real ones conformably, which can also be
obtained from Fig. 17. The closeness between the observed tidal
values and the forecasted ones can be further validated by the
corresponding highest regression coefficient of 0.998 45, as
shown in Fig. 17. Besides, the forecasting error of the hybrid AN-
FIS-GP4 model is in the range of [-0.2, 0.2], which can be re-
vealed from the error diagram in Fig. 16. In addition, the error
fluctuation range is significantly reduced compared with the pre-
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Fig. 16. Simulation results by using the hybrid ANFIS-GP4
method (Fort Pulaski Tidal Station). The red line denotes the
measured value of the tidal level, and the dot symbols represent
the predicted values of the tidal level by using hybrid ANFIS-GP4
method.
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Fig. 17. Linear regression diagram by using hybrid ANFIS-GP4
(Fort Pulaski Tidal Station).

viously two models, which is shown in Fig. 16. In conclusion, the
proposed hybrid prediction model significantly improves the
prediction accuracy of the tidal level.

Figure 17 expresses the linear regression diagram of the
measured and predicted results by using the hybrid ANFIS-GP4
approach.

In order to further quantitatively validate the predictive per-
formance of the hybrid ANFIS-GP4 prediction model proposed in
this study, detailed simulation performance results based on the
same simulation environment, the same simulation parameters
and the same measured tidal data of Fort Pulaski Tidal Station
are shown in Table 5.

It is obviously seen from Table 5 that the corresponding error
value of the hybrid ANFIS-GP4 prediction model is the smallest
of the three prediction models. Furthermore, the corresponding
training speed is the fastest, too. Consequently, the experimental
results demonstrate that the proposed prediction model has a
higher forecasting accuracy for the tidal level prediction.

Different time spans of time series prediction will influence
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the magnitude of the prediction error. In order to further com-
pare the accuracy of the conventional ANFIS model and the hy-
brid ANFIS model in the prediction of the tidal level, simulation
experiments of different time spans are preformed based on the
same observed tidal level data, and the same simulation environ-
ment. The simulation results are shown in Tables 6 and 7. From
Table 6 we can see that the RMSEs of the tidal level prediction by
using the conventional ANFIS-GP4 method are 0.107 70 and
0.191 66 for 1 h ahead and 3 h ahead forecasting, respectively. In
addition, values of RMSE are in a range of 0.107 70 and 0.207 99
for 3 h or more hours-ahead predictions. Besides, the RMSE val-
ues of tidal level prediction by using the hybrid ANFIS-GP4 meth-
od for 1 h ahead and 3 h ahead predictions are 0.061 37 and 0.074
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63 which can be obtained from Table 7, and values of RMSE are
in the range of 0.061 37 and 0.106 29 for 3 h or more hours-ahead
forecasting. The simulation results confirm that the proposed
novel hybrid prediction method is able to provide stable and reli-
able prediction results for the tidal level forecast with satisfactory
prediction accuracy. In addition, with the increase of the fore-
casting time interval, the proposed novel method also exhibits
higher forecasting accuracy compared with the conventional AN-
FIS-GP4 method, which can also be obtained from the corres-
ponding error value illustrated in Tables 6 and 7. Moreover, the
time consumption of the whole simulation process has reduced
obviously, which validates the high-efficiency of the proposed
approach.

Table 5. Tidal level simulation results of Fort Pulaski Tidal Station

Model Time/s Trainingepoch Step r RMSE/m MAE/m MSE/m Meanerror/m Standard deviation/m
Harmonic analysis - - 1800 0.98467 0.16336 0.12669 0.087 55 0.085 60 0.13917
AR 11.137 496 - 1800 0.88900 0.37762 0.33458 0.467 81 0.009 76 0.377 59
BP 8.672 851 100 1800 0.99715 0.06144 0.04725 0.01239 -0.01092 0.060 48
ANFIS-GP4 60.649 794 100 1800 0.99732 0.05856 0.04452 0.01125 0.004 98 0.058 36
Hybrid-ANFIS-GP4 55.331 230 100 1800 0.99845 0.04446 0.03332 0.006 48 -0.001 52 0.044 44
Table 6. Fort Pulaski Tidal Station p-hour-ahead tidal prediction by the conventional ANFIS-GP4
Prediction time span RMSE/m MAE/m MSE/m Mean error/m Standard deviation/m r Time/s
1hahead 0.107 70 0.083 25 0.038 06 0.012 68 0.106 98 0.990 97 91.0452
3 hahead 0.191 66 0.150 92 0.120 51 0.026 51 0.189 87 0.971 24 70.7940
6 h ahead 0.207 99 0.165 84 0.141 93 0.03115 0.20570 0.966 23 48.7119
12 h ahead 0.19771 0.157 92 0.128 25 0.025 38 0.196 14 0.969 38 530.1049
24 h ahead 0.128 19 0.101 30 0.053 91 0.014 64 0.127 38 0.987 24 36.081 3
Table 7. Fort Pulaski Tidal Station p-hour-ahead tidal prediction by the hybrid ANFIS-GP4
Prediction time span RMSE/m  MAE/m MSE/m Mean error/m Standard deviation/m r Time/s
1hahead 0.061 37 0.046 75 0.012 36 -0.002 07 0.061 36 0.997 03 38.926 2
3 h ahead 0.074 63 0.057 10 0.018 27 -0.003 86 0.074 55 0.995 60 38.736 3
6 h ahead 0.074 43 0.057 40 0.01817 -0.005 41 0.074 25 0.995 67 36.604 2
12 h ahead 0.082 30 0.063 64 0.022 22 -0.006 07 0.082 09 0.994 71 32.704 2
24 h ahead 0.106 29 0.083 94 0.037 07 -0.01378 0.10543 0.991 27 35.4175
Table 8. Simulation of tidal level obtained from five tidal stations by using the hybrid ANFIS-GP4
Tidal station Prediction span/h RMSE/m MAE/m  MSE/m Meanerror/m Standard deviation/m r Time/s
Beaufort 1 0.04012 0.02961 0.005 28 0.000 30 0.040 12 0.994 19 88.970 13
12 0.06313 0.04620 0.013 08 0.000 53 0.063 14 0.98553 143.761 875
24 0.07444 0.05669 0.01818 0.000 49 0.074 44 0.97999 145.898 412
48 0.08807 0.06809 0.025 45 0.000 56 0.088 08 0.97209 185.274 982
Wrightsville Beach 1 0.05485 0.04050 0.009 87 -0.000 48 0.054 85 0.99344 242.249 947
12 0.08445 0.06254 0.023 40 0.000 29 0.084 46 0.98431 161.770 060
24 0.09874 0.07618 0.03199 0.000 24 0.098 75 0.97860 151.974 041
48 0.11378 0.08979 0.042 47 -0.000 44 0.11379 0.97173  82.406 640
Springmaid Pier 1 0.06522 0.04772 0.01396 -0.000 55 0.065 22 0.99381 127.460 160
12 0.10127 0.07395 0.033 64 0.000 49 0.101 27 0.98492 145.312979
24 0.11554 0.08723 0.043 80 -0.000 06 0.11555 0.98037 139.445 828
48 0.12620  0.09859  0.052 25 0.000 15 0.126 21 0.976 86 140.372 480
Charleston 1 0.05580 0.04047 0.01022 -0.001 06 0.055 80 0.99585 128.853 659
12 0.09367 0.06863 0.028 79 -0.000 68 0.093 68 0.98816 122.790 396
24 0.11140 0.08523 0.04072 -0.001 85 0.11140 0.98326 124.990 196
48 0.12815 0.10022  0.053 88 -0.002 82 0.128 13 0.97821 131.101 237
Fernandina Beach 1 0.05346 0.04082 0.009 38 -0.000 14 0.053 46 0.99704 137.180 740
12 0.09370 0.06783 0.028 80 -0.002 01 0.093 68 0.99085 129.573 803
24 0.11965 0.08911 0.046 97 -0.004 14 0.11959 0.98511 154.554 347
48 0.13800 0.10984 0.062 48 -0.006 54 0.137 85 0.98049 148.775 555
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5.5 Performance of tidal level prediction

To validate the forecasting accuracy, universality and general-
ization ability for longer time scope tidal level predictions, the
simulation experiments are preformed based on the observed
tidal level data of five different tidal stations located on the east
coast of the Georgia and South Carolina in America. The simula-
tion results of multistep tidal prediction based on the same simu-
lation environment and the same simulation parameters are
shown in Table 8. The time duration of the observed tidal level
data of the five tidal stations is the same as the Fort Pulaski Tidal
Station. It is revealed in Table 8 that the proposed approach can
achieve stable and accurate tidal predictions for the observed tid-
al data of the five different tidal stations which are shown in Fig. 4.
In addition, simulation results also illustrate that the proposed
the hybrid prediction method is able to provide stable and reli-
able prediction results for the tidal level forecast with satisfactory
prediction accuracy.

6 Conclusions

In this study, three different FIS generation approaches
named as GP, FCM and SC are employed inthe establishment of
the ANFIS based precise tidal level prediction models. The simu-
lation experiments demonstrate that the GP algorithm is the best
approach for the generation of the FIS in the three FIS-produ-
cing approaches. Besides, the GP fuzzy system possesses the
highest prediction accuracy, which can be concluded from Table 4.
Furthermore, a hybrid tidal level prediction model is proposed
based on the combination of the harmonic analysis method and
the ANFIS-GP4 method, which takes both advantages of them.
The harmonic analysis model and the ANFIS-GP4 model denote
the effects of the celestial bodies and the meteorological ele-
ments, respectively. The effectiveness and feasibility of the pro-
posed model is demonstrated by the experimental results of the
precise tidal level prediction. In addition, the experimental res-
ults also confirm that the proposed novel model can produce ac-
curate predictions with high operating speed compared with the
conventional AR, BP and the ANFIS-GP4 model, which is illus-
trated in Tables 5 and 7.

In general, application of the combination of the ANFIS-GP4
model and the harmonic analysis model in topology design of the
hybrid prediction model testified that the proposed prediction
model can be utilized successfully for the prediction of precise
tidal level in the field of marine engineering.
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