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Abstract: Litter categories and grades of Welsh beaches were satisfactorily predicted by multi-layered feed
forward neural networks and fuzzy systems, which are artificial intelligence techniques. Neural network
structures with hidden layers consisting of 40 neurons of uni-bipolar sigmoid functions were constructed for
Welsh beaches and they were trained by supervised (conjugate gradient) learning algorithm to predict the
number of litter items and categories from data obtained by 157 litter surveys carried out for 49 beaches in
Wales, UK (including the most attractive tourist beaches of Tresaith, Aberporth, Port Eynon, Trecco Bay,
Sandy Bay, Swansea Bay, Rest Bay, Lavernock, Goodwick, Amroth Castle, Rhyl Prom and Porthdafarch). The
input data for trained neural networks were litter items in general litter category, and the network could predict
items in remaining seven categories by learning the relation among them and considering main litter sources in
UK (river, shipping, fishing, beach users and sewage related debris). These high-speed predictions saved on
field efforts as fast and reliable estimations of litter categories were required for management studies of these
beaches. Fuzzy systems were also used to incorporate additional information inherent in linguistic
comments/judgments made during field studies and questionnaires distributed to beach users. The artificial
intelligence model (ARIM) presented is a universal one to predict litter categories in different countries, which
have various litter sources and beach user characteristics.
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major influences on the methodology applied and

this is certainly the case with marine litter surveys.
As a result, a broad variety of techniques exist to

1 Introduction
Litter on beaches on a worldwide basis is currently
one of the main global problems. Clean up schemes

have raised public awareness but has not stopped
the tide of litter that strands the world’s beaches.
Marine litter has been defined as any manufactured
or processed solid waste material (typically inert)
that enters the marine environment from any
source. The effects of litter on beaches and to
humans/animals have been widely and variously
documented. For example, [1] on waste disposal;
[2] on the effect on seabirds; [3] on fishing; [4] for
hazardous materials; for medical waste; [5] on the
effects on tourism. Examination of the literature
regarding this subject presents a diverse mix of
objectives. In scientific studies, these will have

describe and measure litter, which are not directly
comparable. For example, litter can be categorised
according by size [6], weight, number of black bin-
bags collected or composition [7]. There is as yet
no single accepted methodology for assessing
beach litter. Available methodologies of marine
litter assessment cannot predict the number of litter
items and grades of beaches based on previous
surveys of litter data and questionnaires. These
methods require the actions of counting,
classification, surveying and evaluation carried out
at various beaches for all litter categories. Many of
the beach grading systems in operation, such as the
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[8] scheme, assign a classification to a beach after
sampling a small part due to logistical, time and
financial constraints. This methodology involved
taking 100m stretch of beach, counting litter items
according to 7 distinct categories and grading the
beach.

The artificial intelligence model developed
satisfactorily predicted litter categories based on
general litter category for Turkish (Antalya)
beaches [9]. Now the model was applied to Welsh
beaches, and it is seen that, model predictions had
high correlations, although the main litter sources
in UK were determined as river, shipping, fishing,
beach users and sewage related debris [10], but the
main beach litter source in Turkey was “beach
users”, as obtained from principle component
analysis. Therefore, this artificial intelligence
model is a universal model that will save on field
effort when fast and reliable estimations of litter
categories are required for management purposes.
The developed model, which would lead to better
management schemes concerning beach health, can
perform future predictions of litter items, categories
and safety and it also has economic implications.

2 Atrtificial Intelligence Model (Arim)
The artificial intelligence model (ARIM) developed
for marine litter prediction involves two sub-
models: 1) Neural network 2) Fuzzy system. Both
of the sub-models can be used for litter prediction
and grading of beaches depending on the type of
data available. Neural networks can predict litter
grades from new data sets by learning the main
characteristics of environmental changes; therefore
they are similar to a biological neural system.
However, if the database is limited and contains
qualitative information, the fuzzy sub-model can be
used to assess litter grades, since this sub-model
can utilize uncertainties inherent in human
knowledge. In other words, the fuzzy model can
handle human based information such as
experience and judgment and can consider
qualitative data described by language, such as
questionnaires distributed to beach users. The
disadvantage of fuzzy model is that, it does not
have the capability of learning like the neural
network model [11].

2.1 Neural Network Sub-model (ARIM-1)

Neural networks are simplified models of the
human brain. Connections between neurons are
axons and dendrites, connection weights represent

synapses, and the threshold approximates the
activity in the soma as given in Fig. 1.
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Fig. 1 Artificial neural network analogy.
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The response of network: y j= f(_zlwi Xj —tj) where
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y; is the output of the j™ neuron, x; is the i" input
signal, w; is the connection weight from the i™ input
neuron to j" neuron, t; is the threshold or bias value
of the "™ neuron and f(x) is a nonlinear function. A
multi-layer feed-forward neural network (MFF) has
a layered structure as given in Fig. 2. Hidden layers
exist between the input (first) and the output (last)
layer. Each layer has neurons that receive input
from a layer below and send their output to units in
a layer above. Activation of a hidden unit is a
function of the weighted input and the threshold. A
multi-layer feed-forward neural network is trained
by a supervised learning algorithm with a set of
chosen examples called a training data set and then
tested by a data set. Neural networks are classified
according to their activation phase as feed forward
or recurrent, and according to learning phase as
supervised or unsupervised. In the supervised
learning algorithm, weight and bias factors were
determined by minimizing the convergence criteria.
the performance index (Vp) is defined as the mean
squared error:

_1s
VP(w)= N nZ;VK(w,n) (1)

The weight and bias updates are proportional to the
performance index by total instantaneous squared
error:

Ko = €T ) &m 2)
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where, N is the number of input and output vectors,
n is the epoch number, € is the output error at nth
epoch, z is the number of neurons at the output
layer, VK(w,n) is the gradient vector of total
instantaneous errors that have components
associated with the weights of the hidden and
output layers W" and W*, respectively for j=1 to s,
i=ltokand » =1 toz, m=1tos.

Fig. 2 Multi-layer feed-forward neural network.
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2.2 Fuzzy Sub-model (ARIM-II)

A fuzzy rule base characterizes the relationship
between two or more variables in the general form
of “if” antecedent proposition; “then” consequent
proposition or a set of consequences that can be
inferred. In the linguistic fuzzy system the
antecedent and consequent propositions are fuzzy
propositions. Fuzzy logic differs from binary logic
in the way that the membership function in binary
logic suddenly jumps from 0 to 1, while the
membership function in fuzzy logic smoothly
varies between the values of 0 and 1. Fuzzification
is the transformation of input fuzzy sets into
appropriate forms of fuzzy rule based system. In
this system, logical relationship between the fuzzy
input and output sets are revealed and quantified.
The fuzzy rule base consists of conditional
statements that describe the dependence of one or
more linguistic variable on another. The analytical
form of an if/then rule is the fuzzy relation called
the implication relation, which can be defined over
discrete universes of discourse:

U y)= 2 g% y)1(xy) “4)
(x,y)

where, g(x,y) is the membership function of the
implication relation. Implication relations are
obtained through different fuzzy implication
operators, for example the Larsen implication
operator is defined as:

g(X,¥) =ga(X)-gg(y) )

Fuzzy rules are connected by an aggregation
operator of either “union” or “intersection”
depending on the implication operator. Results
obtained from the fuzzy rule based system are
retransformed from internal fuzzy quantities
(consequent) into numerical quantities or crisp
outputs (y*) by the defuzzification methods [12].
The Center of Gravity method is the most
commonly used defuzzification method and is
given as follows:

* Yy uly)
- HAY) 6
>u(y) ©)

where, p denotes the mean value.

3 Model Application To Welsh Beaches
Number of litter items in EA/NALG, (2000)
categories (gross litter, sewage related debris-g
(general), sewage related debris-cb (cotton buds),
harmful litter-glass, harmful litter- other,
accumulation and faeces) was predicted by using
the number of litter items in general litter category
for 49 beaches in the Principality of Wales, UK
(including the most attractive tourist beaches of
Tresaith, Aberporth, Port Eynon, Trecco Bay,
Sandy Bay, Swansea Bay, Rest Bay, Lavernock,
Goodwick, Amroth Castle, Rhyl Prom and
Porthdafarch). Many of these beaches were subject
to some form of cleaning regime, whether it was
the whole beach or just certain strandlines. The
accumulation of litter above the strandlines was
greatly influenced by substrate, topography,
vegetation, weather etc. Litter in this area provided
useful information, especially with regard to long-
term inputs, but is was not very indicative of the
daily or new inputs. The area below the strandline
on these beaches had been mostly shown to be
almost free of litter and any time consuming
surveys carried out below this line were generally
ineffectual.

Number of litter items of 49 Welsh beaches
was predicted by using multi-layer feed forward
artificial neural networks trained by conjugate
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gradient learning algorithm using data obtained
from 157 litter surveys. Litter amounts collected
ranged from 0 to 1000-items/100 m stretch of
beach. Litter items were graded from the best
(Grade A) to worst case (Grade D) as shown in
Table 1 Field measurements indicated that the most
abundant litter item in terms of quantity was the
general litter category. Sewage related debris, i.e.
cotton buds was also in excess on these beaches
(Table 2). The main sources of riverine and beach
debris in Wales, UK are sewage and ocean-based
shipping related. Potentially harmful litter
originates from trans-shipping. In rural areas the
sewage system of the dispersed houses is directly
connected to rivers without a treatment facility.
Therefore cotton buds, condoms, feminine hygiene
products can be frequently observed on beaches
after a storm that washes away these items
stranding on the side banks of rivers to beaches,
which resemble foil hanging on a Christmas tree
[13]. If there exists a certain relation between litter
categories that can be identified by an artificial
intelligence structure, the neural network can learn
this relationship at its training stage.

Table 1 Categories for grading a beach (EA/NALG,
2000).

Category Type A B C D
General 0 1-5 6-14 >15
Sewage
1 Related
Debris Cotton ¢ 1049 5099  >100
Buds
2 Gross Litter 0 1-5 6-14 >15
3 General Litter 0-49 4518_9 500-999  >1000
Harmful Broken
4 Litter Glass 0 1-5 6-24 23
5 Accumulation Number 0 1-4 5-9 >10
6 Oil Absent Trace Noticeab foens
le ive
7 Faeces 0 1-5 6-24 >25

Table 2 Range of litter items for 49 beaches in
Wales, UK.

Litter Categories Maximum Minimum

General litter 1000 0
Sewage related debris-G 46 0
Sewage related debris-CB 600 0
Gross Litter 181 1
Harmful litter-Glass 44 1
Harmful litter-Other 43 0
Accumulations 88 0
Faeces 13 0

For this case, amount of litter in most of the
categories was in correlation with the general litter
category, as items in general litter were increased, a
similar trend was observed in other categories. For
example, from Table 2, when there was no item in
general litter, there was one (minimum value)
counted in gross and harmful litter categories.
When the number of items in general litter category
was at its maximum value (1000), the number of
litter items in ‘sewage related debris’ was counted
as 600 (maximum value). This relationship between
general litter and other categories was used for the
construction of feed forward-multiple layer
artificial neural networks for the prediction of litter
items in other categories, as well as the beach
grade. The number of litter items in general litter
category was the input parameter to the neural
network which then predicts the number of litter
items in other categories given in Table 2.

At the training stage of artificial intelligence,
new neural network structures with hidden layers
consisting of 40 neurons of uni-bipolar sigmoid
functions were constructed for Welsh beaches,
since the network trained for Turkish beaches could
result biased predictions due to different sources of
litter categories observed in these countries. This
new artificial intelligence structure was trained for
Welsh litter database by using the conjugate
gradient (CG) learning algorithm. This database
contained more data (157 litter surveys) and
additional subgroups for litter categories when
compared to the Turkish one. The performance
index for the training stage was selected as the
minimum mean square errors of computations [14].
The minimum mean square errors of computations
(MSE) at the end of iterations were calculated as
0.0672. Input/output values of neural networks
were normalized between 0 and 1 by using the
maximum and minimum values of the ranges in
litter items.

At the testing stage, predicted number of litter
items obtained from trained neural network is
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compared with measurements as given in Figure 3
where predictions had a high correlation value of
R=0.979. Therefore, overall predictions of litter
items in seven categories from general litter can be
considered as acceptable. Here, as the performance
criteria of neural networks, non-parametric
Spearman rank correlation coefficients were
utilized. The main sources of litter on these beaches
were sewage related debris, river, shipping and
fishing sources. The artificial intelligence model
(ARIM) learned the relation between litter
categories and satisfactorily predicted litter items in
remaining 7 categories using general litter data
available for a specific Welsh beach. The beach
litter sources in Wales had a more complex effect
on beach pollution than in Turkey in which the
main source of litter was beach users, and cigarette
butts were the specific liter item that was in excess
on Turkish beaches. Litter surveys in Turkey
formed an independent cluster in principal
component analysis with “roadside surveys” in
Wales, UK, which were studies conducted mostly
in rural areas (Fig. 4). In this figure, Turkish
beaches are denoted as S47 to S53, and roadside
surveys in Wales, UK are designated by S46, S57
and S65. Other numbers show the survey sites in
Wales. The principle component analysis
transforms the original set of variables to the set of
uncorrelated linear components in decreasing order
of importance to obtain independent groups by
clustering. As a result, the artificial intelligence
sub-model presented has a universal application
field to save on field efforts when fast and reliable
estimations of litter categories are required for
management purposes of beaches.

The fuzzy module of ARIM has the advantage
to utilize uncertainties inherent in human
knowledge, such as questionnaires applied to beach
users. In the fuzzification process of the system
inputs, which were the number of general litter and
sewage related debris items, the grading criteria of
EA/NALG (2000) was utilized. The fuzzy input
sets and membership functions of these variables
were obtained for the beach grading (A: excellent,
B: good, C: average and D: worst) depending on
the number of litter items measured at Welsh
beaches. Fuzzy input membership functions of
grading system for the category of sewage related
debris and general litter were developed for this
case study as given in Figures 5 and 6. The
Cartesian product of fuzzy input sets established
the fuzzy rule based system for Welsh beaches.
Fuzzy output sets for the grading of litter categories
were coded as 1,2, 3 and 4, respectively, in order to

convert the grading system into numerical values as
illustrated in Fig. 7.
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Fig. 3 Measured and predicted number of litter

items for beaches in Wales (UK), obtained from

neural networks.

Component 2

Component 1

Fig. 4 Comparison of principal components of
beach survey sites in UK and Turkey (T/R=
Turkish beaches/ roadside survey in UK; IBC=
Inner Bristol Channel; Ri= River source litter; Sh=
Shipping.

The fuzzy sets of grades given in Fig. 5 and 6
were modified to assess the changes inherent in
other litter categories and sources for Welsh
beaches by decreasing a half grade in the input
fuzzy subset of rules considering the maximum
number of litter items, greater than a certain
limiting value in related categories. In other words,
fuzzy grades of general litter are decreased a half
grade, when potentially harmful litter, gross litter
and accumulations of litter exceed their limits.
Similarly, the occurrence of faeces of non-human
origin, which is very common in UK, affects the
rules in the input fuzzy set for sewage related



Proceedings of the 9th WSEAS International Conference on Applied Mathematics, Istanbul, Turkey, May 27-29, 2006 (pp7-14)

debris. At the testing stage of fuzzy sub-model,
litter ~measurements were compared with
predictions of fuzzy system, as shown in Fig. 8.
The fuzzy sub-model of ARIM satisfactorily
predicted the grading of beaches, since the
correlation coefficient between predictions and
measurements was relatively high (R= 0.870).
Predictions were performed for an average CPU
(Central Processing Unit) time of 42 seconds within a
standard mean error of € =1% by using a Pentium III
processor.
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Fig. 5 Fuzzy input membership functions of
grading system for the category of general litter at
Welsh beaches.
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Fig. 6 Fuzzy input membership functions of
grading system for the category of sewage related
debris at Welsh beaches.
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Fig. 7 Fuzzy output membership functions for the
grading of litter categories for Welsh beaches.
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Fig. 8 Comparison of beach grades of the field
campaign with the predicted grades of fuzzy
system.

4 DISCUSSIONS

The overall predictions of the number of litter items
in seven categories from general litter items at
Welsh beaches can be considered as satisfactory
when using both neural network and fuzzy sub-
models of ARIM. The fuzzy system had a lower
correlation between predictions and measurements,
since this sub-model could not learn the relation
between sources and categories, but it could assess
the changes inherent in other litter categories and
sources. In addition the fuzzy system could
consider qualitative data described by language,
such as questionnaires distributed to beach users.
This sub-model could incorporate specific issues
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related to beach characteristics, litter assessment
and oil pollution, which cannot be included in
standard procedures.

The artificial neural network sub-model of
ARIM could learn the relation between litter
categories and satisfactorily predicted litter items in
remaining 7 categories using general litter data
available for a specific Welsh beach. The beach
litter sources in Wales had a more complex effect
on beach pollution.

5 CONCLUSIONS

Litter categories and grades of Welsh beaches were
satisfactorily predicted by using two independent
sub-models of the artificial intelligence model
(ARIM) developed: 1) neural network 2) fuzzy
system. Both of the sub-models can be used for
litter prediction and grading of beaches as universal
models depending on the type of data available.
Neural networks can predict beach grades by
learning the relation between litter categories and
sources. Fuzzy sub-model can utilize uncertainties
inherent in human knowledge to assess grading
information for a database that contains qualitative
information. For the neural network sub-model, a
new network with hidden layers was constructed
and trained by conjugate gradient learning
algorithm from data obtained by 157 field
campaigns carried out for 49 beaches in Wales,
UK.

The input data for trained neural networks were
litter items in general litter category, and the
network could predict items in remaining seven
categories by learning the relation among them and
considering main litter sources in UK (river,
shipping, fishing, beach users and sewage related
debris). The beach litter sources in Wales had a
more complex effect on beach pollution than in
Turkey in which the main source of litter was beach
users, and cigarette butts were the specific liter item
that was in excess. Litter surveys in Turkey formed
an independent cluster in principal component
analysis with “roadside surveys” in Wales, UK,
which were studies conducted mostly in rural areas.
It is concluded that, the artificial intelligence model
(ARIM) presented is a universal model to predict
litter categories and grades in different countries,
which have various litter sources and beach user
characteristics.
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