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Abstract: Prediction of littoral drift with Adaptive 
Neuro-Fuzzy Inference System. The amount of sand 
moving parallel to a coastline forms a prerequisite 
for many harbor design projects. Such informa-
tion is currently obtained through various empiri-
cal formulae. Despite so many works in the past, 
an accurate and reliable estimation of the rate of 
sand drift has still remained a problem. It is a non-
-linear process and can be described by chaotic 
time-series. The current study addresses this issue 
through the use of Adaptive Neuro-Fuzzy Infe-
rence System (ANFIS). ANFIS is about taking an 
initial fuzzy inference system (FIS) and tuning it 
with a back propagation algorithm based on the 
collection of input-output data. ANFIS was deve-
loped to predict the sand drift from a variety of 
causative variables. The structure and algorithm 
of ANFIS for predicting the rate of sand drift is 
described. The Adaptive Neuro-Fuzzy Inference 
System was validated by confi rming its consisten-
cy with a database of specifi ed physical process.

Key words: littoral sand drift, Adaptive Neuro-
-Fuzzy Inference System, validation.

INTRODUCTION

The coastline zone is characterized by 
a complex interactive system of air, water 
and land producing a dynamic environ-
ment highly sensitive to man-induced 
changes. Littoral drift indicates movement 
of sediments parallel to a coastline caused 

by the breaking action of waves. Ocean 
waves attacking the shoreline at an angle 
produce a current parallel to the coast. 
Such long shore current is responsible for 
the long shore movement of the sediment 
[1]. Littoral drift poses severe problems 
in coastal and harbor operations since it 
results in siltation of deeper navigation 
channels due to which ships cannot enter 
or leave the harbor area. Therefore an ac-
curate estimation of the drift is needed in 
order to know the amount of excavation 
required so that corresponding budgetary 
provisions could be made in advance. 
Unfortunately, this is easier said than 
done because the underlying physical 
process is too complex to model in the 
form of mathematical equations – either 
parametric or differential. Despite this, 
workable empirical formulae that relate 
the drift to a set of causative variables are 
currently in use. They are based on collec-
tion of measurements made in the fi eld or 
on a hydraulic model followed by a curve 
fi tting exercise. The technique of fi tting 
normally employed is non-linear statisti-
cal regression. Nowadays soft tools like 
artifi cial neural networks (ANN) often 
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provide better alternative to the statisti-
cal methods [2] and hence a variety of 
investigators have applied the technique 
of ANN to solve problems in coastal en-
gineering. These works typically include 
(I) evaluating tidal levels and timings of 
high and low water [3], (II) predicting 
sea levels [4], (III) establishing estuarine 
characteristics [5] and (IV) predicting 
coastal currents [6]. The application of 
ANN generally suffers from problems 
like lack of guarantee of success, arbi-
trary accuracy, diffi cult choices related to 
training schemes, architectures, learning 
algorithms and control parameters. On the 
other hand, fuzzy systems have found 
number of practical applications in 
identifi cation and prediction. Besides, 
these systems are thoroughly dealing 
with ill-defi ned, uncertain systems, can 
model the qualitive aspects of human 
knowledge and reasoning process [7]. 
Traditionally, to develop a fuzzy system, 
human experts often carry out the genera-
tion of IF-THEN rules by expressing their 
knowledge. In case of complicated pro-
cesses it is diffi cult for human experts to 
test all the input-output data, to fi nd nec-
essary rules for fuzzy systems. To solve 
this problem and simplify the generating 
of IF-THEN rules, several approaches 
have been applied [8–9]. Nowadays, for 
this purpose the use of neural networks 
takes importance. Using neural network 
structure and its learning abilities the 
construction of fuzzy system is consid-
ered. The integration of fuzzy system 
and neural network allows constructing 
computationally effi cient hardware and 
software products. It is connected with 
the capabilities that they posses. Fuzzy 
systems provide powerful framework 
for representation of expert knowledge, 

neural network provide learning capa-
bilities that increase the fl exibility, adapt-
ability of the system. The combination of 
neural networks with fuzzy knowledge 
base helps to reduce the searching space 
and time for achieving optimal solution. 
The adaptive neuro-fuzzy inference 
system (ANFIS) structure implements 
TSK type fuzzy system in a multi layers 
feed forward neural network structure. 
Using back-propagation and least square 
algorithms the learning of neuro-fuzzy 
system is carried out.

The current study is developed fuzzy 
inference system based on feed forward 
neural network to determine the litto-
ral drift. An attempt is made to see how 
both ANFIS and the statistical regression 
differ in processing the input informa-
tion. The consistency of the ANFIS with 
underlying physical process is further 
checked.

ANFIS DEVELOPMENT

Adaptive Neuro-Fuzzy Model
Neuro-fuzzy is an associative memory 
system that consists of fuzzy nodes 
instead of simple input and output 
nodes, and it uses neural network learn-
ing functions to refi ne each part of the 
fuzzy knowledge separately. Learning in 
a separated network is faster than lear-
ning in a whole network [10]. An adaptive 
neuro-fuzzy inference system (ANFIS) is 
a fuzzy inference system implemented 
in the framework of an adaptive neural 
network. By using a hybrid learning 
procedure, ANFIS can construct an 
input-output mapping based on both 
human-knowledge as fuzzy If-Then rules 
and stipulated input-output data pairs for 
neural networks training. ANFIS archi-
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tecture is shown in Figure 1(a), where x 
and y are the inputs, f is the output, Ai and 
An2 are the input membership functions, 
wi and wn2 are the rules fi ring strengths. 

ANFIS is an architecture which is 
functionally equivalent to a Sugeno-type 
fuzzy rule base. It is a method for tuning 
an existing rule base with a learning algo-
rithm based on a collection of training 
data. This allows the rule base to adapt. 
Training data is used to teach the neuro-
fuzzy system by adapting its parameters 
(which in essence are fuzzy set mem-
bership function parameters) and using 
a standard neural network algorithm 
which utilizes a gradient search, so that 
the mean square output error is mini-
mized. From the ANFIS architecture, 
shown in Figure 1(a), it is observed that 
for given values of premise parameters, 
the overall output can be expressed as 
a linear combination of the consequent 
parameters.

ANFIS modeling and prediction starts 
by obtaining a data set (input-output data 

points) and dividing it into training and 
validating data sets. The training data set 
is used to fi nd the initial premise param-
eters for the membership functions by 
equally spacing each of the membership 
functions. A threshold value for error 
between the actual and desired output is 
determined. The consequent parameters 
are computed using the least squares 
method. Then, an error for each data 
pairs is found. If this error is larger than 
the threshold value, the premise param-
eters are updated using the back propa-
gation neural networks. This process is 
terminated when the error becomes less 
than the threshold value. Then, the test-
ing data points are used to compare the 
model with actual system for validating 
purposes. Figure 1(b) shows the ANFIS 
training and modeling process.

The database used
The ANFIS was trained with the help 
of fi eld observations. The location be-
longed to a four-km stretch of the coast 

FIGURE 1. (a) ANFIS Architecture; (b) ANFIS Algorithm
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off Karwar along the western coast of 
India. These fi eld measurements were 
done daily from 5 February 1990 to 31 
May 1990 by the National Institute of 
Oceanography at Goa, India [11]. The 
sediment load was measured along 
a cross section of the surf zone at six 
stations at the same time and at a number 
of points vertically at each station. In 
each day, the traps were deployed for 6 h 
during 07:00 to 13:00 and the average 
sediment load per hour was calculated. 
Two different traps were used to measure 
the littoral drift rates. Mesh traps having 
circular openings were used for measur-
ing the suspended load transport and 
streamer traps were used for measuring 
the bed-load transport. The opening of 
the trap was 0.2 m wide, 0.15 m high, 
and rectangular in shape. The fi lter cloth 
mesh opening size was 90 μm and the 
opening of the mesh trap was 0.034 m. 
The procedure of Kraus [12] was used 
to determine the total sediment transport 
and this was based on the trapezoidal 
rule. The measurements of the signifi -
cant wave height and average zero cross 
wave period along with the wave direc-
tion corresponding to the spectral peak 
were made with the help of a WAVEC 
buoy. The breaking wave height and 

corresponding angle were derived as per 
the procedure in [13] and [14] and also 
visually confi rmed. The width of the surf 
zone was measured daily using a gradu-
ated rope. The average longshore currents 
were measured daily (in terms of the 
distance covered in two minutes) using 
the Rhodanine-B type dye injected at the 
trap locations. A standard sieve analysis 
gave the median size distribution. When 
all the parameters such as wave height, 
wave period, wave direction, longshore 
current speed and direction and sediment 
load at different trap locations along the 
surf zone, were not collected in a day due 
to malfunctioning of instruments or due 
to overtopping of traps, then the data of 
that day were not used in the analysis. 
The details on the data collection and the 
estimation of measured sediment load 
are presented in [15]. The tides were pre-
dominantly semi-diurnal with an average 
spring tide of 2 m and neap tide of 0.25 
m during the measurement period. The 
longshore current velocities measured at 
the trap locations varied from 0.1 m/s to 
0.6 m/s with an average value of 0.3 m/s.

Table 1 shows ranges of the signifi -
cant wave height (Hs), average zero cross 
wave period (Tz), breaking wave height 
(Hb), breaking angle (αb), surf zone 

TABLE 1. Statistics of the training and testing data set

Data Training Testing

Variable HS 
[m]

TZ 
[s]

Hb 
[m]

αb 
[deg]

W 
[m]

Q 
[kg/s]

HS 
[m]

TZ 
[s]

Hb 
[m]

αb 
[deg]

W 
[m]

Q 
[kg/s]

Mean 0.765 5.612 0.880 5.105 40.946 15.006 0.743 5.030 0.826 4.001 41.116 15.965

Std. Dev. 0.256 1.512 0.200 1.850 4.488 7.774 0.224 0.889 0.214 5.934   2.913   6.547

R
an

ge Min 0.336 0.528 0.511 0.965 30 2.126 0.434 3.424 0.533 –6.49 36.714   5.936

Max 1.163 9.076 1.166 10.031 50 31.645 1.252 7.384 1.147 9.528 47.71 25.441
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width (W) as well as rate of the drift (Q) 
along with their mean values and stand-
ard deviations involved during the train-
ing and testing exercises. The rate of 
littoral drift was found to be randomly 
varying with the independent causative 
variables. This is illustrated in the scatter 
plot of Figure 2.

ANFIS formulation

The phenomenon of littoral drift is infl u-
enced by a variety of causative factors- 
some of which could be of importance 
while some others may not be so infl u-
ential in determining the rate of drift. The 
Shore Protection Manual [16] as well as 

FIGURE 2. Variation of rate of the drift with signifi cant wave height

FIGURE 3. Comparison of empirical formulae with observed drift
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the Coastal Engineering Manual [17] list 
the variables above. An ANFIS system 
with these parameters as input and the rate 
of drift, Q as output was considered. In 
total 81 input-output patterns were availa-
ble through the measured data [11]; out 
of which 75 percent selected randomly 
were used for training. Such a trained 
ANFIS system was tested with the help 
of remaining 25 percent patterns. 

All of the causative variables listed 
above may not be equally infl uential in 
producing the drift at a given location. 
A sensitivity analysis of the input was 
done using the pruning method, by [11] 
in which all causative variables were 
considered and given as input to a neural 
network and the network was trained and 
testing performance in terms of the vari-
ous error measured thereafter. It is clear 
that a network that includes the width of 
the surf zone, W, in addition to that of Hs, 
Tz, Hb, and αb gives the best accuracy for 
testing. Hence, in this study, these vari-
ables are considered as input to ANFIS 
system too.

REGRESSION MODEL

In order to check how the ANFIS system 
performs in regard to the statistical 
regression three new regression equa-
tions linear multiple (LM) as well as 
non-linear (NL1 and NL2) were fi tted 
to the training set of data. The resulting 
equations respectively are [11]:

18.7152 13.7319 0.3759S ZQ H T

       39.4895 0.3455 0.2340b bH W  
 (1)

(–0.7693) (–0.0704) (2.7935)0.28 ZS bQ H T H  
       (0.0005) (1.1005)

b W  (2) 

0.6566 1.2978 0.0264S ZLnQ H T  
3.5802 0.0016 0.0283b bH W  (3)

ANFIS PREDICTION OF LITTORAL 
DRIFT

The ANFIS training for building a neuro-
-fuzzy model for littoral drift used 61 

FIGURE 4. ANFIS Training Curve FIGURE 5. Actual and Predicted Littoral Drift 
Values in Training Mode
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training data points, and 500 learning 
epochs. Figure 4 shows the training 
curve of ANFIS with root mean square 
error (RMSE) of 0.66373. A comparison 
between the actual and ANFIS predicted 
littoral drift values after training is shown 
in Figure 5, which shows that the system 

is well-trained to model the actual the 
rate of littoral drift. 

The surface plot of ANFIS-predicted 
littoral drift as a function of the signifi -
cant wave height (Hs), average zero cross 
wave period (Tz), is shown in Figure 6. 
In Figure 7 a comparison between the 

FIGURE 6. Model of Littoral Drift to Signifi cant Height & Average Zero Cross Wave Period

FIGURE 7. Actual and Predicted Littoral Wave Drift Values in Testing Mode
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actual and ANFIS predicted littoral drift 
values with testing data is shown, which 
shows that the ANFIS system models the 
rate of littoral drift truly with root mean 
square error (RMSE) of 2.5837.

The linear regression and ANFIS 
prediction models for the rate of litto-
ral drift were validated by feeding into 
the models the data points that were 
not used in model’s building. Table 2 
shows resulting performance over the 
testing pairs in terms of the root mean 
square error (RMSE) and mean absolute 
error (MAE). The last 3 rows of Table 
2 show the testing performance of these 
regression-fi ts in regard to the ANFIS 
system, which confi rms the necessity of 
employing ANFIS system for this prob-
lem in place of the traditional regression 
(lower RMSE and MAE). The adequate-
ly selected rules (243 rules) thus yielded 
a higher level of accuracy compared with 
the traditional regression models; the 
major underlying reasons being, model-
free estimation procedure and fl exibility 
in the mapping process involved.

TABLE 2. Comparison of the ANFIS and regre-
ssion result on the testing data set

Scheme RMSE [kg/s] MAE [kg/s]
ANFIS
LM
NL1

NL2

2.584
5.356
5.271
5.615

2.218
4.773
3.935
4.019

Different types of membership func-
tions (MF) of the inputs and output were 
tested to train the ANFIS prediction 
system. A three generalized bell curve 
MF for the signifi cant wave height (Hs), 
two generalized bell curve MF for ave-
rage zero cross wave period (Tz), three 
generalized bell curve MF for breaking 
wave height (Hb), three generalized bell 

curve MF for breaking angle (αb) and 
two generalized bell curve MF for surf 
zone width (W), resulted in high accurate 
modeling results and minimum training 
and validation errors. The fi nal (MF) 
were tuned and updated by the ANFIS 
model to achieve a good mapping of the 
input variables to the rate of littoral drift 
output. In General, as given in Table 2, 
the neuro-fuzzy technique achieved 
better results with a lower average value 
of RMSE than the linear regression tech-
nique.

CONCLUSION 

The Adaptive Neuro-Fuzzy Inference 
System was developed to predict the rate 
of littoral drift from a variety of causa-
tive variables. The statistical regression 
methods and an adaptive neuro-fuzzy 
inference system are used to model 
and predict the littoral drift of the coast 
off Karwar along the western coast of 
India for the period 5 February 1990 to 
31 May 1990. An analysis showing how 
both ANFIS and statistical regression 
process the input is also presented. It is 
found that the regression performs rigid 
approximations with changing input 
compared with the ANFIS and due to 
this its accuracy drops. The developed 
neuro-fuzzy was found to be consistent 
with the underlying physical process and 
generally followed expected trends in 
the variables of the drift with an increase 
in the values of causative parameters.

The littoral drift values predicted by 
statistical regression and by ANFIS 
models are compared to the actual mea-
sured values in order to determine the 
error of both prediction techniques and 
validate the results. 
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Streszczenie: Ocena dryfu morskiego z wykorzy-
staniem systemu ANFIS (Adaptive Neuro-Fuzzy 
Inference System). W artykule przedstawiono ad-
aptację systemu ANFIS do oceny wielkości dryfu 
fal piaskowych poruszających się wzdłuż wybrze-
ża morskiego. Pomimo wielu informacji o charak-
terze ilościowym oraz jakościowym zebranych 
w badaniach terenowych oraz opracowanych 
wzorów empirycznych opisujących analizowa-
ne zjawisko, autorzy widzą potrzebę stosowania 
symulacji zjawiska za pomocą metod numerycz-
nych. Takie możliwości daje omówiony w pracy 
system ANFIS.
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