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Abstract: Dissolved oxygen (DO) concentration plays a very important role in fish life
and aquaculture, but DO prediction is very difficult. So a decision support
system for DO prediction based on fuzzy model and neural network was
attempted. The paper was based on vast monitored data, every day detecting
for two years, in aquaculture pond in North China for two years. This is a
preliminary attempt towards a wider use of Artificial Neural Networks in the
management of aquaculture water quality. It proposes a model to be used
effectively in prediction of DO concentration in aquaculture. This is really a
crucial task, especially during the long dry summer months. The prediction of
potential risk due to low DO is also very important. This data volume was
divided in the training subset comprising of 106 cases and in the testing subset
containing 26 cases. The input parameters are sunlight, wind speed,
temperature, water temperature, air pressure, pH value and NH-NH3.
Consequently three structural and seven dynamic factors are considered. After
several and extended training-testing efforts a Modular Artificial Neural
Network was determined to be the optimal one.
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1. INTRODUCTION

In recent years, many fish, shrimp and shellfish death and frequent
emerging of all kinds of disease had reduced the fishermen income and
brought out quality unsafety due that serious aging and eutrophicated
aquaculture ponds and unbalance of ecosystem of aquaculture water (Boyd
et al.,, 1982;. Madenjian et al., 1987). So water quality management has
becoming the most important element for constraining the output of the fish.
DO is the most important factor in aquaculture (Madenjian, 1990; Fritz,
1985; Miller, 1990). If DO concentration sustains a low or a high value for a
long time, it will lead to fish’s die, to know DO concentration at anytime is
very essential for fisheries, it is far from the detection of DO (Hjelmfelt et al.,
1993; Jan, 1997), the key is to predict DO to prevent the risk.

Literature offers applications of different approaches to predict DO
concentration in aquaculture. Some of approaches are simple and empirical
in nature. Others involve solutions to equations that yield time and space
dependent levels of DO. Dynamic models with hydrodynamic transport
modeling components involve solution of differential equations, which
formulate relevant physical, chemical and biological mechanisms and
interactions as ecological formulations (Babovic et al., 1997).

The results obtained, utilizing simple empirical and statistical approaches,
usually do not possess high precision. On the other hand, the calibration,
validation and test steps of models that have hydrodynamic components
require extensive field work and calculation efforts. Development of NN
approaches with high precision of estimation was considered to be effective
in eliminating the arduous task of filed works and development of complex
models that involve partial differential estimations. The main intentions were
to minimize field work and to improve precision of estimations; most of
these studies are related to primary productivity quantification in water
bodies (Babovic et al., 1997; Soyupak et al., 2003).

From vast detected data, it is a complicated relation between DO and other
factors in aquaculture. They have not evidently relation; neural network is
feasible for these issues, but neural network is a black box, therefore, this
paper combined fuzzy system and neural network (Stamou, et al., 1995;
Lacroix et al., 1997; Yang et al., 1993; Guan,1996). Fuzzy system can
express human experience, knowledge for computer to identify; it can also
be founded some models to human feelings, language and actions; it can
reasoning and deducing. Multidimensional characteristic, parallel distributed
processing nature, adaptability, self-organization and self-learning can be
used with fuzzy system to predict DO concentration (Wang et al., 2004;
Loftus,1993; RAFI, 1992; Scott et al., 1990).

A traffic light decision system for marine finfish aquaculture sitting
(Hargrave, 2002); A decision support system POND which enables
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definition of an entire aquaculture facility has been developed by John Bolte
(2000); And Aqua Farm is a simulation and decision support for aquaculture
facility design and management planning (Ernst, 2000); fish sorting (Zion et
al., 2000), and automated feeding system (Papandroulakis et al., 2002). So, it
can be seen that the DSS has developed a lot in aquaculture in recent years,
but the development in the aspect of pond water quality management, which
is the main factor for successful aquaculture, is of a small quantity.

2. DESIGN OF ARCHITECTURAL FRAMEWORK

For n input and single output fuzzy system, the fuzzy rule is:

IF: x =4/ and x, =47, ,and x, = 4] ,THEN y=258, ;
Al AL, A, B are fuzzy subset. Fuzzy subset B; was instead at the end,
iie.:IF : x, = A ,and x, = 4 , - ,and x, = 4’ ,THEN
y=/f;(x) ; f;(x) often take as the linear combination of input

n+l

: _ 1 2 n
parameter,i.e. f;(x) =c,x, +¢;x, +--+cix, +¢]

Instead of the division of input apace, the below model was adopted.

IF: X eR, THEN y=f(X) (1)
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Fig.1:The architecture of fuzzy system based on neural network

Fig.1 is architecture of fuzzy system, X =(x,,x,, -, X, " R; is the
partial space after division. It can be given that the grade of membership of
union the input parameter. At the same time, f;(X) can be describing by

neural network. So the combination the neural network and the fuzzy system,
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we can obtain the fuzzy system based on neural network (Meulenberg et al.,
1996; Borcherding et al., 1993).

In above fuzzy system, there are R+1 of neural network, NNI1~NNR
describe fj(x)in the result of R rules, and NNmf gives the rule applicability,
and the output of fuzzy system was determined by follow formula.

y=zuj'gf )

3. STRUCTURE AND ARITHMETIC ANALYSIS

3.1 Structure of Neural Network Model

We choose BPNN to simulate. The network includes input layer, hidden
layer and output layer. For a transportation network with n nodes and m

links, the number of nodes of input layer is #° — n, and that of output layer is
m, and that of hidden layer is /s (n> - ») . For simply transportation
network, number of nodes of hidden layer should be increased appropriately.
Activation function is shown as follows.

f(x) = 11— 3)

+ e

According to training cases value of input and out (x; and ¢,), they are real

detection data. Then calculate output error in course of random weight and
value, and transmit error converse to input layer to modify the weight and

value to study. Suppose there are p group data for training, i.e. x” andt/,
t/' is network expectation output, y;' is the output value according to

training, so to p group data, the average variance is shown as follows.

E = Z z (¢ - y]pl)Z 4)

)4 m —1
Po=1 1=1
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3.2 Arithmetic Analysis of the Neural Network

3.2.1 Initialization of the Neural Network

Let all joint weight to be a random value between -1 and 1.
ie.w, (0) = Random(e),sq is ij, jk,kl ; let all value is to be a random

value between 0 and 1. Then input the samples to the network in fig.2.
Sunlight

Wind speed

Temperature

Water temperature

Air pressure

PH value

NH-NH;

Fig.2: Neural network framework of DO prediction

3.2.2 Training of Neural Network

Provide cases (x”',y”), p, = 1,2,... , p for training.
Steps 1: calculate every layer value:
ny—1
Vi = f(;wklxk -0)) 5)
fx)=1-e™)" [=012,---,m—1
-1
x, =fO w,x. —6)
k IZ:O: Jkj k (6)
f(x):(l_e_i")_l k:091327'”7n2_1
n—1
x,=fO wx,—0,)
J ; ij J %
f(x):(l_e_/bc)_l j=0,1,2,---,n1—1
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In the paper, hidden layer is tow layers, the first layer has n, nerve
cel, x' e R", x' =(x"0,x"1,--,xn=)" ;s The second layer has m, nerver
cell, x' eR", x =(X0,X1,"5X 1)’

Output layer y € R™, there are mmerve cells, y=(y,,»,,>y,)" >
the joint weight between input layer and the second layer is W threshold
is g, ,the joint weight between the second layer and the third layer is
W , threshold is @, , the joint weight between the third layer and output
layer is w,, , threshold is ;' .

Step 2: calculate the error of every layer

8 =" =y )y A=p") ®
m—1
5;,:‘ =z5,f,"wk,xkp‘ (l—ka‘) 9)
1=0
S =6 4wx1-x") (10)
k=0
Step 3: modify the weight and value of every layer
" " P "
wy(n+1)=w,(n)+ a(”)PZ_:lé‘/j] x (11)
" " P
0, (n+1)=0, (n)+ p(n) 23, (12)
' | P !
wi(n+1)=w, (n)+ a(n)Pz_laif;zx_,."l (13)
\ : P
Op(n+1)=0,(m)+ f(m) L5} (14)
P =
L PI PI
w,(n+1) = W,,»(”)Jra(”);lé‘ik X (15)
0,(n+1)=0,(n)+ f(n)% 5] (16)

Step 4: according to the joint weight after modified, redo the step 1, step 2
and step 3, until for every £ and /, there is:

tf

1—y,”"<a (17)

Then training is over. In above formula: n—iterative time; a(n) and
P(n) —respectively are joint weight and study rate of threshold, commonly
think them as ( 0 <a(n),f(n)>0);, A —shape function of Sigmoid
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function ,in the paper, A =0.1; y;—the output value of output layer y

network study; #" —the expectation output of the output layer y; E—

according to the users’ precision require, choose a decimal fraction that no
less than zero, in the paper, £=0.0028,

4. FOUNDATION OF DO PREDICTION MODEL

4.1 Grouping for Data

For the veracity of the training network and validating prediction, the
input data (x;y;) was divided into two parts, one part is for training network,
the other part is for evaluation the output result of the model. The paper
adopts 106 group data as training data, and 43 group data as evaluation data.

4.2 Foundation of the Fuzzy Rule

The number of the fuzzy rule m was confirmed by fuzzy clustering, one
rule will be adapt for one group data, suppose there are R group, then the
number of rule is R. The precision and complexity must be considered, so
the paper adopted distance square summation D in K-means, the number of
group was confirmed by the decrease of D when a group increasing.

For the above 106 data, it would be standardized with the follow methods:

x = Tmin_ (18)
X max xmin

Xx —data after standardization; X —original data; x;nm —the minimum of
the original data; x;nax —the maximum of the original data.

Now the data was in the scope of 0 and 1, it would be propitious to the
training of neural network. And then the law absolute subtrahend was used
for number grouping. The result of grouping is as tablel.

Table 1. The result of grouping
Group number The number of samples for training
1 1 2 3 47-106
2 4-46
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4.3 Training of NNmf network

NNmf was made up of n input variable and R output variable. The study
sample was defined as the follows: suppose that x, in the study sample was

clustered to the S group, then:

. [oN J=S "
w. = =12,
' \oFF js 7 (19

In the fomula: On=0.9, Off=0.1

4.4 The Design of Input Layer and Output Layer and
Other Parameters

The input layer is sunlight, wind speed, temperature, water temperature,
air pressure, pH value and NH-NH3. These factors are related to DO
concentration according to the experts’ research. Output layer is DO only.
The paper chooses three layer backwards BP network model using for
reference other researchers in this domain.

The cell number of hidden layer is a complex issue in neural network. In
this paper, 14 cell numbers was chosen as double of ell number of the input
layer, after training, if it was not successful, tow cell numbers would be
added, repeat the above until it successes. Consequently three structural and
seven dynamic factors are considered. Fig.2 is framework of DO prediction.

5.  RESULTS

The pond simulation can be established to simulate the existing
complicated pond ecosystem dynamically. And interactive modeling in real-
time is the key advantage of this part.

From the systematic point of view, the pond ecosystem is comprised of a
series of dynamic, nonlinear and variably interacted factors, which shows the
characteristic of a fuzzy system. Accordingly, the theory of system dynamics
and improved neural network were used to analysis and simulate the factors
affected the pond ecosystem. Subsequently, the forecasting models, which
can provide time series analysis and a substantially sophisticated view of
pond ecosystem dynamics, were established to simulate DO.

Resulting from collecting real-time data from the databases and
computing by the forecasting models, the trending of the simulated process
will be displayed in trend curves on the computer screen. Therefore, the
manager can acquire needed trending information of the key factors
controlling the pond ecosystem.
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The simulated results turned out that the average error was 3.7%,
indicating that the models accorded with the prediction demand. Fig.3 shows
the DO real-time simulated trend curves interface. Fig.4 shows the
prediction interface of DO.
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Fig.4 Forecasting interface of DO

6. CONCLUSION

From Fig.3, it is known that prediction value is very close to actual value.
Average error between actual data and prediction data is 0.538(mg/1), it is
receivable for aquaculture. This can prove that DO prediction fuzzy system
model based on neural network can be retrieved successfully.
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