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Abstract. The One of the most promising applications of hot ~ Anticipated benefits for aquaculture process control
water is aquaculture. Temperature is one of the most principle Systems are to be increased process efficiency, reduced
parameters affects aquaculture life. It can cause stress and energy and water losses, reduced labor costs, reduced
mortality or superior environment for growth and reproduction. stress and disease, improved accounting, improved
Shrimp is warm water aquaculture type need hot water supply. understanding of the process [2].
To increase pond production it is necessary to keep water The study of artificial neural networks (ANN) and fuzzy
jmperatire ot Soc, Arfica) niligence (A) lecidues e | logc_contiol (FLC) are the o major_branches of
9 pp intelligence control, which is based on the concept of

techniques or as components of integrated systems. They have ificial intelli AD. Al be defined
been used to solve complicated practical problems in various artificial intelligence (Al). Al can be defined as computer

areas and are becoming more and more popular nowadays. In this €mulation of the human thinking process. [_)U"ing the_last
paper a control system using artificial neural network control ten years, there has been a substantial increase in the

(NNC) either adaptive fuzzy logic control (AFLC) are design to  interest on artificial neural networks. During the last ten
control the hot water temperature. A comparison study is applied years, there has been a substantial increase in the interest
between the performance of FLC and NNC. The performance of on artificial neural networks. Specifically, they are good
NNC is the best because the control design takes into gr tasks involving incomplete data sets, fuzzy or
consideration different variables which give an accurate output incomplete information and for highly complex and ill-

than FLC. Also this paper introduces a complete mathematical . .

modeling and MATLF,Z\Bp SIMULINK model fopr the proposed .deﬁ.n.ed problems, where hu_mans usually decide 0.“ an

aquaculture heating system. |ntu|t|qnal basis [3-5]. In this paper thge mathematical
modeling of solar thermal water heating system for

K ey words aquaculture pond is suggested and control of water
temperature of aquaculture system is achieved using Al

techniques. Finally a comparison study is applied

aquaculture, forced circulation hot water system, Atrtificial between the performance of FLC and NNC

intelligence (Al) techniques, neural networks control,
fuzzy logic control.

2. Proposed Aquaculture System

1. Introduction _ :
The proposed system consists of solar collector unit to

supply hot water during the day hours, biogas heater as
auxiliary unit during night and cloudy days, storage tank
to keep water temperature at high degree, thermostatic
valve to control hot water flow rate to the pond. As
depicted in Fig. 1.

Recently Intensive aquaculture is a modern cultivation
way because it develops fast in many countries. Today,
People pay more and more attention on aquaculture for its
advantages of high vyield, no-time-limit, low-feed and
high-utilization of water and renewable energy sources [1].
The purpose for applying process control technology to
aquaculture in developed countries encompasses many
socioeconomic factors, including variable climate.
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Auxiliary C. Evaporation Losses
> heater _( g )_>
4Hot water to The evaporation heat loss is the largest loss component
Storage load and is given
tank
il q.= A,P[38/ +43(T -T.)%|(w, - @) ®
Collectors Wheregq is the evaporation loss (WY, is the wind speed
in (m/s) in the vicinity of the pond?, the ambient air
pressure (101.3 k PaJr is the pond temperatur&, is
> the ambient temperatureyr is the saturation humidity
Water supply ratio at the pond temperature, is the humidity ratio of
Solar pump the ambient air above the pori,is the area of the pond
[7, 8].
Fig. 1 Schematic of a solar water heating system. D. Convection Losses
3. Mathematical Model of Aquaculture Solar Heat losses due to convection to the ambient air can be
Thermal System expressed as [7, 8]
Storage tank temperature is an important parameter which q. = q. x 0.0006 & 4
influences the system size and performance. Energy ¢ ¢ ' w - W
p a

balance of a well mixed storage tank can be expressed as
[6] E. The Net Radiation Losses

0 V c dT s=q -q -q 1) bResults fromdthe s7un;a<.:e of the pond to the sky which can
s Ur ot c | sl e expressed as [7, 8]

Where p water density (Kg/ff), Vs is is storage tank 4
volume (nf), Tts is storage tank temperatuf€) Cp is q, =& 0A |_(T , t 273 ) - T54J ()

specific heat of water (4190 J/K¥), qc is actual useful  where gr is the radiation loss,is the emissivity of the

erergy gain, gis load energy, and gstl is storage tank surfaceg is the Stefan-Boltzmann constant, TS is the sky

losses. temperature in degrees Kelvin, Tp is the pond
temperature.

A. Flat Plate Collector Modeling

. ) F. Solar Radiation Heat Gain
Solar useful heat gain rate{drom the collector array is

calculated by Heat gain due to the absorption of solar radiation by the
pond is given by [6, 7]
qc = FRAC [aTG_UI(Tl _Ta)] (2)
Where qgc represents actual useful energy gain (W), FR the q, = a AG (6)
collector heat removal factorG intensity of solar Wherea is pond absorptance (0.9).
radiation, in (W/rf), A collector surface area @ (at) is
the transmittance absorptance produdt, is collector G. The Control Thermostatic Valve Modeling
overall heat transfer coefficient (W/nfC), Ta is the
ambient temperature€’C), andT,; is the initial temperature. The required characteristic of this valve must be linear,
Where + sign indicates that only positive valuesgofs such that controlling the valve input signal, will directly

considered in the analysis. This implies that hot water from control the mass flow rate of water. Therefore, the
the collector enters the tank only when solar useful heat transfer function of the used valve will be considered to
gain becomes positive [6]. be a first order one, as

B. Mathematical modelling of the aquaculture pond G (s) = 1 @)
! s+l

A numerical model based on energy balance was
developed to simulate the thermal behavior of the open- e . .
pond system. Assumed uniform temperature for the entire 4 Artificial Intelligence Control Techniques
pond, and thus applied a well-mixed model [7].
1. AFLCalgorithm
Fuzzy logic controller (FLC) techniques have been found
to be a good replacement for conventional control
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techniques, owing to their low computational burden and
ease of implementation using microcomputers [8]. The
fuzzy-logic based controller overcomes system
ambiguities and parameter variations by modeling the Neural networks are massively parallel processors that
control objective based on a human operator experience, have the ability to learn patterns through a training
common sense, observation and understanding how the experience. Traditionally, modeling of equipment and

2. Neural network control algorithm

system responses, thereby eliminating the need for an
explicit mathematical model for the system dynamics[9].
Fuzzy Logic Controller (FLC) In the last few years, fuzzy
logic has met a growing interest in many control
applications due to its non-linearity handling features and
independence of the plant modeling. The fuzzy controller
(FLC) operates in a knowledge-based way, and its
knowledge relies on a set of linguistic if-then rules, like a
human operator.

A.  AFLC control structure
Fuzzy logic systems are widely used for control, system

identification, and pattern recognition problems. Fuzzy set
theory generalizes classical set theory in that the

membership degree of an object to a set is not restricted to information with an activation function.

the integers 0 and 1, but may take on any value in [0,1]. By
elaborating on the notion of fuzzy sets and fuzzy relations
we can define fuzzy logic systems (FLS). FLSs are rule-
based systems in which an input is first fuzzified (i.e.,

converted from a crisp number to a fuzzy set) and

controller algorithms consists of computer programs that
rely on complicated mathematics tailored for a specific
application, and are generally not portable to other
systems. An alternative to traditional models is through
the use of neural networks (NN), from a branch of
artificial intelligence. Neural networks are nonlinear
computer algorithms that learn with feedback, and can
model the behavior of complicated nonlinear processes.
Within pattern association networks there are many types
of configurations, each with a specific architecture useful
for solving different types of problems. In all cases,
however, the goal is to map input to output while
minimizing an error function. Nodes in each of the other
layers collect information from the weighted upstream
node outputs (usually by summation) and process the
A value
computed from the activation function is then available to
be sent to the next layer using more weights [12- 16].

A. Threshold Logic Unit

subsequently processed by an inference engine that A simple model of a biological neuron is the so called the
retrieves knowledge in the form of fuzzy rules contained in threshold logic unit (TLU), shown in Fig. 3. The TLU is

a rule-base. The fuzzy sets computed by the fuzzy also called the perceptron. A TLU is parameterized by a
inference as the output of each rule are then composed andset of weights and a threshold (bias). The summation

defuzzified (i.e., converted from a fuzzy set to a crisp
number). A fuzzy logic system is a nonlinear mapping
from the input to the output space. A schematic
representation of a FLS is presented in Fig. 2. The
operation of a FLS is based on the rules contained in the
rule base [9-11].

Input —
ase n
n
Inference
Mechanism

Fig. 2 Fuzzy controller architecture.
Advantages of AFLC control [ 11]

e Based on intuition and judgment.

* No need for a mathematical model.

* Provides a smooth transition between members
and nonmembers.

» Relatively simple, fast and adaptive.

» Less sensitive to system fluctuations.

e Can implement design objectives, difficult to

express mathematically, in linguistic or
descriptive rules.
https://doi.org/10.24084/repqj09.536 1029

operation is followed by the sign activation function,
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Fig. 3 single perceptron with a differentiable sigmoidal
activation function.

Advantages of NN control

e Input output mapping.

e Adaptive.

» Parallel distribution.

» Used in incomplete data set.

» Used in nonlinear problem.

* ANN has the ability to handle large and
complex systems with many interrelated
parameters.

» Atrtificial neural networks differ from traditional
simulation approaches in that they are trained to
learn solutions rather than being programmed to
model a specific problem in the normal way.
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C. TheError Back-Propagation Algorithm

Tablel- Rule Base Of Fuzzy Logic Controller.

The most popular supervised training algorithm is the one| ce NL | NM NS z PS | PM | PL
named ‘error back-propagation’, or simply ‘back- e
propagation’. It involves training a FFANN structure made | NL | NL | NL | NL | NL [ NS | NS | Z
up of activation function neurons. The back-propagation] NmMm | NL | NL | NL | NM | NS 7 PS
algorithm is a gradient method aiming to minimize the_ NS T NL | NL I NL T NS 7 PS | PS
total operation error of the neural network. The process is
intended to minimize the Error between the network output z NL | NM | NS Z PS| PM| PL
and the output actual output for the same input. The tota] PS | NS | NS | Z PS| PL| PL| PL
error is a function defined by PM NS Z PS| PM| PL| PL| PL

1 PL z PS [ PS| PL | PL | PL | PL

2
RMS ==t -0 ®)
2 j u(e). ulce
A

Where t is target value, and o is output value [12-16]. NL NM NS 7 ps  PM PL
5. Proposed Control System
The Al control is utilized to provide the system with the
required control action. The control signal is used to
control the operation of thermostatic valve to control the
hot water flow rate added to the pond to keep water _q 0 1

temperature constant at 34 oC as depicted in Fig.4.

Fig. 5 membership functions of error change of error, and

Tref :
' e . I Cs " "
ontroller Thermostati Pond i
T 3 —p —p i Saturation 1
T unit c valve et " (
o Smim3 @
Gan3

Fig. 4 Block diagram Al control for pond water
temperature.

A. AFLC systemdesign

Fuzzy Logic
Controller

e i
Gain? Saturation 2

Fig. 6 AFLC architecture.
B. NNC systemdesign

On the other hand the proposed NN control after many
trials, shown in Fig.3, eventually employed three layers

Fuzzy logic control offers a way of dealing with modeling ~ Which are the input layer, hidden layer, and output layer.
problems by implementing linguistic. Table | shows The input layer consists of three neurons which are the
possible control rule base which are used. The rows air temperature, pond temperature and error, hidden layer
represent the rate of the error change (ce) and the columnsconsists of seven neurons, and output layer of one
represent the error (e). Each pair (e, ce) determines the neurons as shown in Fig. 7. The activation function used

output level from NL to PL corresponding to output. Here
NL is negative big, NM is negative medium, NS is
negative small, Z is zero, PS is positive small, PM is
positive medium and PL is positive big. The corresponding
membership functions are depicted in Fig. 5. The
continuity of input membership functions, reasoning
method, and defuzzification method for the continuity of

in this work is "logsig" for hidden layer, and "purelin” for
output layer. The NNC is trained using a back
propagation with Levenberg—Marquardt algorithm. The
back propagation is a form of supervised learning for
multi-layer nets. Error data at the output layer is back
propagated to earlier ones, allowing incoming weights to
these layers to be updated. It is most often used as

the mapping ufuzzy (e, ') are necessary. In this paper, the training algorithm in current neural network applications.

triangular membership function, the max-min reasoning
method, and the center of gravity defuzzification method

Figure 8 presents the mean square error between the
network output and the target. The network response

are used, as those methods are most frequently used inanalysis is depicted in Fig. 9. As shown in this figure the

many literatures. Figure 6 shows the MATLAB
SIMULINK of FLC system.
https://doi.org/10.24084/repqj09.536 1030

regression "R" equal one which means that the output
tracks the target in a correct way.
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Fig. 7 Neural network controller architecture.

Best “alidation Perfarmance is 0.00097923 at epoch 1000

Train
“alidation [
Test

Mean Sguared Ermor (mse)

L L L L 1 I T T
200 300 400 500 B00 Fo0 800 Q00

u} 100 1000
1000 Epochs
Training: R=1 “alidation: R=1

5000 5000
g =]
2 4000 g om0
= EA
% 3000 T, 3000
= £
£ 2000 % 2000
L 5
£ 1000 £ 1000
Z IS4

1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
Target arget
Test: R=1 All: R=1

s000 5000
= =
= b=}
S 4000 S 4000
= =
z =
, 3000 =, 3000
= [
< 2000 % 2000
! !
£ 1oo00 £ 1000
(=3 k=1

1000 2000 3000 4000 5000

1000 2000 3000 4000 5000
Targe arget

Fig. 9 Regression between the network output and target.

6. System Simulation Using MATLAB

The simulation model of the proposed thermal system
usng AFLC and NNC is depicted in Fig. 10 and Fig. 11
respectively. The system consists of solar thermal
subsystem to feed the system with the required hot water
during the day, biogas subsystem is the auxiliary heater,
pond subsystem, and finally the control subsystem.
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Fig. 10 Solar thermal system simulation with AFLC.
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Fig. 11 Solar thermal system simulation with NNC.
7. Simulation Results

The results of the MATLAB software indicate the high
cgoability of the proposed technique in controlling the
water temperature in the aquaculture pond, even in case
of changing atmospheric conditions. The system has two
input parameters they are air temperature, and solar
irradiance. Figure 12 and Fig. 13 represent solar
irradiance in Mersa Matruh the site of consideration in
summer and winter respectively. Figure 14 and Fig. 15
show the air temperature in summer and winter.
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300

Solar irradiance (W/m2)

. 12 Solar irradiance in summer.

RE&PQJ, Vol.1, No.9, May 2011



day hours. The mass flow rate in winter is higher than in
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Fig. 13 Solar irradiance in winter.
Fig.15 Air temperature in winter.

A. AFLCresults

1000,

Figure 16 - and Fig. 17 indicate the pond temperature in
summer and winter respectively. It is shown that the NN
control has adjust the water temperature &C3dithout

any variation during the day. Any variation in water
temperature will harm the shrimp life, so the NN control
Figure 18 - and Fig. 19 show the water flow rate variation
over the day in summer and winter respectively. It is clear
that as pond losses decrease the pond temperature increase,
so the value of mass flow rate decreases. During the night

Fig. 14 Air temperature in summer.
has successes in this process.

(zw/ M) soueipelll JB|OS

Time (h)
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Fig. 18 mass flow rate in summer.
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hours the mass flow rate has high value rather than that the
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Time (h)
Time (h)

Fig. 22 mass flow rate in summer.
Fig. 23 mass flow rate in winter.

temperature, and error signal. These inputs aid in adjust
the output signal of the control more accurate. The pond
a few seconds larger than NNC. The pond temperature
has increase to 36 and then adjusted at 8 which

From the pervious output signals of the two controls, the
NNC has several inputs which are air temperature, pond
temperature takes very small time to be constant‘@.34
AFLC has error and change of error as input signal only.
The output adjusts the pond temperature &€ 3t after
may be harmful for aquaculture life for a few seconds as
depicted in Fig. 24 and Fig. 25 in summer and winter
respectively. So from the pervious analysis NNC is better
than AFLC.

8. Comparison between AFL C and NNC
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Fig. 21 Pond temperatur&Q) in winter.
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response of output generation using NNC is more
accurate and better than using AFLC.
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