Assessing Benthic Impacts of Fish Farming with an Expert
System Based on Neural Networks

Martin J. Baptist
WL | Delft Hydraulics
P.O.Box 177
2600 MH Delft
The Netherlands
Martin.Baptist@wldelft.nl

William Silvert
Habitat Ecology Section
Department of Fisheries and Oceans
Bedford Institute of Oceanography
P. O. Box 1006
Dartmouth, Nova Scotia
Canada B2Y 4A2
Silvert@scotia.dfo.ca

D. L. Angel
Water Quality Research Group
National Center for Mariculture
Israel Oceanographic & Limnological Research, Ltd.
P.0O.B. 1212
Eilat 88112
Israel
Angel@agri.huji.ac.il

Peter Krost
CRM
Zum Tamberg 2
D-24247 Mielkendorf
Germany
CRM.office@t-online.de




Abstract

Geochemical profiles provide valuable data on téetlic impacts of fish farming and
other human activities, but the interpretationtefse data is a complex process requiring
scientific sophistication and understanding of bhenprocesses. Neural networks were
used to simulate the impact-assignment procesa effart to develop an expert system
that does the same analysis. This case study seplet use of neural networks to
reproduce expert evaluations of data from an inyason of the benthic impact of a fish
farm in the Red Sea. Sediment profiles for lossigmition (LOI) data were used to
classify environmental impacts in terms of fourZyzets; Nil, Moderate, Severe and
Extreme impact. A neural network was trained tadpice a set of assessments expressed
as fuzzy memberships directly from sediment profilga. The results confirm that a
trained neural network is able to come up with itsstomparable to those of a scientific
expert, even in cases of very limited data

Keywords: neural networks, fuzzy logic, expert sys$, sediment profiles, benthic
impacts.

Introduction

Although biogeochemical effects of benthic orgagrncichment arising from aquaculture
activities have been identified in site-specifiadés, only recently have attempts been
made to derive models which link numerous physicaémical, and biological factors
(Hargrave 1994). It is important to measure andntjfyaenvironmental impacts of
aquaculture so that tools can be developed fonsiog authorities to estimate potential
impacts of new lease proposals and to calculatsubtinable level of annual production
of fish farms (Silvert 1992; Silvert 1994; Silvenhd Sowles 1996). Sediment profiles of
different physical, chemical, and biological paréeng, measured under or near a fish
farm, can be used to assess benthic impacts (Hargteal. 1995).

Angel et al. (1998) analysed three years of qualéaobservations on benthic conditions
under a fish farm and found that with fuzzy logievas possible to quantify the data and
obtain a consistent and informative representatibrbenthic impacts. Because this
method proved successful, their earlier analysis @axended by including quantitative
measurements, such as sediment profiles obtairwed fores under the farm site. In
order to convert the different data into a complrdbrmat the findings were assigned
the same fuzzy categories that were presented tdisgdi in Angel et al. (1998). These
categories represent the degree of deviation oflogimal conditions from those
considered normal under undisturbed conditionshatdame site and are labelled Nil,
Moderate, Severe and Extreme.

Sediment profiles

Sedimentological data are generally expressed ri€aleprofiles. The interpretation of
these profiles is complex and involves some majoblems. It is difficult to avoid a
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degree of ambiguity and subjectivity in the intetptions, although this is a more
general problem in the analysis of scientific détan is commonly admitted (Silvert
1997). A typical sediment profile is shown in Figut. This type of profile is commonly
found for organic carbon and organic matter, amdhé case of hyperenriched sediments,
porewater concentrations of nutrients and hydraggphide.

Figure 1 A typical sediment profile

Among the data are profiles for loss-on-ignitior©{). Organic matter measured by loss-
on-ignition was determined by weight loss of theedrsample after 6 hours in a S&0
furnace. The unit of LOI is percentage organic araffhree variables were identified as
significant indicators of past and present bentbiaditions:

* Overall organic enrichment
» Thickness of the enriched layer
» Evidence of bioturbation

Each of the three variables above was classifiednbgxpert into several categories. The
organic enrichment was classified a$, dight, moderate or high, the depth of the
enriched layer aasil, low, moderate or high and the bioturbation a®, possibly or yes.
Each category has partial memberships in the imglassesiil, moderate, severe and
extreme according to Table 1 (Krost & Silvert, pers. coqnThe overall assignment is
obtained by the arithmetic mean of three sepassigiaments.

Table 1 Partial memberships of classifications

Neural networks for LOI data

The LOI data consist of measurements at eleveerdifit depths of 0.5 cm, 1.0 cm and
every centimetre up to 10.0 cm. The neural networkthis problem has one layer of
eleven input neurons (one for each depth), oner laf/dour output neurons (the four
fuzzy sets) and one layer with several hidden neurdhe neural network was trained
with a set of sediment profiles and the correspogdour grades of membership. A
different set of sediment profiles and memberships used to test the results. The
sediment profiles were chosen from the larger Eetafiles for different dates and their
replicates. Figures number 2 to 5 give the resofitthe neural network (NN) output
assignments compared to the expert assignmentsleftieand side of the figures give
the training set and the right-hand side the tesstThe neural network was able to fit the
training sets almost perfectly, and although thare some discrepancies in the
comparison between the NN output and the test rmssgts, it appears capable of
assigning memberships that come reasonably cloge texpert assignments. This neural
net consists of eleven input neurons, eleven hideemons, four output neurons, and has



165 synapses. Thus the degrees of freedom in #tisonk are certainly sufficient to
make a good fit, compared to the number of samples.

Analysis of the strength of the synapses suggkatdite form of the LOI curve in the top
4-5 cm is, perhaps, the predominant indicator efdtatus of the sediment. The experts
distinguish several patterns and correspondinghiienmpacts (Angel, pers. comm.).
After training, the neural network succeeded wallrécognising these patterns and
giving the correct assignments as output.

Figures2, 3,4 and 5 here

Fourier Transforms

During training a neural network adaptively leatims position of hyperplanes that act as
discriminants. This process ishéack box sort of procedure which cannot readily be
tuned by the researcher. When an expert assignderships to different profiles, he

makes use of discriminants too, although of a nsoitgective nature. For example, the
overall level of enrichment discriminates betwedrigh benthic impact or a low benthic

impact. High surface values discriminate in favofira high benthic impact, and the
evidence of bioturbation is a discriminant for highscores.

It might simplify the neural network lay-out andegyl the training process if the data are
preprocessed and expert-based discriminants adeass@put to the neural network. One
way to do this is to transform the data with ortbiogl functions, such as Fourier

transforms. Fourier transforms tend to distingypalticular patterns, and at least for the
lower-frequency transforms each fourier componenpleasises a specific part of the

profile and might serve as a discriminant.

To carry out the Fourier transform analysis, thterval over which the LOI profile was

measured is decomposed into a finite number ofseivials in each of which the profile

is represented by a linear function of the foifx) = a + bx in between each two

measured depths. For each of the ten interval§feratit set of coefficients a and b are
defined. The Fourier transformsf¢k) can then be calculated as:

2T
Cn=—jf(x)comxdx
TO

2T
=—| f (x)sinnx dx
S=7/1e

where T is the depth of the profile and n is aregetr. Only the first five fourier
components were considered, namely G, S, G and S (S is zero by definition).
Because the experts placed more emphasis on thesb centimetres, T = 6 cm was
chosen as the period , data from deeper depthslisearded.

The G component is a measure of the surface area uhdeprofile and indicates the
level of overall enrichment. The other two cosirmnponents have high values if the



LOI profile has high surface values and falls affldower background levels, since high
surface values are multiplied by a cosine functigtih values near one at surface depths.
The integral of this product is thus large and fpasi The sine components distinguish
patterns of high LOI values at a depth below thdase, because the sine function is
large and positive at those depths.

This way, the fourier components distinguish pattc patterns in the LOI profiles.
Furthermore, the number of input neurons can becesd to five for example, when the
Co, Ci, S, G and S components are used.

These five fourier components were used as inpw teural network. This is a very
small number of components, too few to provide & ¥wod representation of f(x), but
the goal was to get an idea of the shape of thenpatvith a minimum number of input
neurons. It turns out however that these fouriemmanents are very sensitive to
variations in the LOI values, which makes this meétHess useful, and leading to
significant discrepancies between the interpratatioreplicate profiles.

Despite this problem, we trained a neural netwoitk five fourier components as input,
five hidden neurons, and the four assignments gaiburhe same profiles were used for
training and test sets as those used to train eahaetwork with raw LOI data. The
results were comparable with those of the raw L@Files, which, given the sensitivity
of the fourier components to small variations ie Ol values, suggests that a more
robust transform technique might be useful.

Discussion

Probability density function

Training of neural networks is a procedure of mising the error between desired and
actual output by adjusting the weights and biasethé network. The neural network
estimates the probability density functigo(®y), p(y;) and the joint probability function
p(X«.yi) for the patterns and the output classeg The functionp(x) denotes the
probability of a pattern to belong to a group ehigar patterns. These are used to classify
the patterns through the use of discriminants basedtie joint probability function. After
training a neural network recognises a new paitethe test set by using the estimated
probability density functiomp(x). The implicit assumption is that the probabilitynéion

of the training set is similar to that of the test. This may be true for certain fields of
pattern recognition, but it may not be the casd eitvironmental impact assessment,
since the probability distribution for data frompacted areas may not be the same as the
original data used to calibrate the model. In emvinental impact assessment, a network
can be trained to recognise certain environmeratiéms, LOI profiles for example, and
classify them just as an expert would do. The dewtwork identifies these patterns as
belonging to a class of patterns it already knogiagithe estimation for the probability
density functionp(x). The functionp(x) introduces a bias, since each new pattern is
interpolated in the direction of a high probabilitgnsity region op(x), so the outputs are
biased according to the most frequent patterns.aBsgnments thus tend to have values
nearer to the mean scores than the extreme scores.



Dataset

The results of this study must be qualified by dbservation that there were not enough
profiles to train the network thoroughly in relatito the number of degrees of freedom.
This reflects a general problem with neural networik that the number of separate
parameters is very large and requires a large fyanfitdata to estimate reliably.

The original dataset of LOI profiles contains seVeeplicate samples taken on the same
day. Because of errors made during sampling antysing, and of natural differences
between separate samples these profiles give eliffeesults. An implicit assumption of
our analysis is that each profile can be assessgependently. However, when the
experts made the assignments they used a mentalgawg of the replicate profiles, so
the assignments were in most cases the same. Hhkissnthe use of these replicates for
training and testing not as useful as we had hoped.

Expert Systems

Neural networks are useful for developing an expgstem. It is very hard to grasp the
way a human being thinks, other than by tryingniitate the mapping between stimulus
(input) and response (output). A neural networkvles a generic model for this
mapping procedure without any prior assumptionst &perts undergo a continuous
process of changing and rechanging their thougpaised on new ideas and insights. The
trained neural network as an expert system thexetlres not always agree with the way
experts explain their decision process. The expatem that can think instead of imitate
has yet to be invented.

Conclusions

It can be concluded that it is realistically possibnd perhaps even useful to train a
neural network to analyse sediment profiles in angard way. Even with a limited
number of LOI profiles a fairly good expert systaras developed, one that was able to
come up with results comparable to those of sdiengxperts. Furthermore, the
development and preliminary results of this exgggtem gave feedback to the experts,
that caused the experts to explain their way aiking and look at the data very carefully
in cases where the neural network pointed out isisbencies and omissions.

We also found that it might be useful to preprod@isnsform) the data before it is fed
into a neural network, as it can reduce the nurobérput neurons and also may help to
understand the processes inside a neural netwivkeitSand Baptist, subm.).
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Figure 1 A typical sediment profile



Organic enrichment nil slight  moderate high
0.80 0.20 0.10 0.00 nil
0.20 0.50 0.50 0.1 mod
0.00 0.30 0.30 0.30 sev
0.00 0.00 0.10 0.6Q extr
Depth of enriched layer nil low  moderate hi(deep
0.70 0.20 0.10 0.00 nil
0.30 0.50 0.50 0.1 mod
0.00 0.30 0.30 0.30 sev
0.00 0.00 0.10 0.6Q extr
Bioturbation yes possibly no
0.60 0.25 0.00 nil
0.30 0.25 0.20 mod
0.10 0.25 0.30 sev
0.00 0.25 0.50 extr

Table 1 Partial memberships of classifications



Nil compared

membership

O

04/12/90 +
13/12/90 +
04/06/91 +
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23/02/93 +
08/04/93 +
01/06/93 +
01/11/90 -

date

Figure 2 Comparison of expert NIL assignments with NN assignments
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moderate compared
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Figure 3 Comparison of expert MODERATE assignments with NN assignments
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severe compared
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Figure 4 Comparison of expert SEVERE assignments with NN assignments
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Extreme compared
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Figure 5 Comparison of expert EXTREME assignments with NN assignments
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