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Abstract: This study builds an automatic monitoring system for the fish pond culture environment. The purpose of this study is to reduce culture costs, including those resulting from labor costs and natural disasters, and make it easier for culturists to manage their fish ponds. With the proposed system, physical indicators of water quality are extracted by temperature, dissolved oxygen, and pH sensing modules; the heater, submerged motor pump, air pump, feeding trough, and LED illuminating lamp are controlled to improve the water quality and reduce labor. The wireless sensor network (WSN) is used as the signal transmission architecture between the sensor nodes, the control nodes, and the computer, where the human–machine interface is used for display, recording, and operation. In order to make the system more efficient and accurate, the fuzzy theory is used for fuzzy inference of the sensed signal, which enables the controlled load to be optimized and combined with the WSN so that the real-time information of the fishponds can be made available to culturists through mobile devices or remote platforms. The grid and storage battery are used as an uninterruptible power supply (UPS) to alternately power the sensors. The experimental results show that the fish pond culture environment can be accurately and stably monitored. The proposed monitoring system is constructed using a network of sensors, and it achieves precise judgment and real-time control. Based on the current situation, the system instantly turns on the hardware device to change the environment as needed.
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1  Introduction

In recent years, with the greenhouse effect influencing global weather and global ocean fish yields, offshore fishing has been gradually replaced by net cage culture and inland culture. Taking inland culture as an example, in traditional culture techniques, environmental change is artificially judged to adjust the start-stop timing of equipment. However, this increases labor costs, and the complicated switching of controlled devices affects the device's life and directly increases energy loss. Therefore, artificial culture has been gradually replaced by automatic culture techniques. The cost of culture can be discussed in two parts: staff costs and equipment costs. The staff cost problem is solved by automatic control techniques, and the major equipment cost problem is the wiring problem. The simplest way of communication between equipment is wired transmission, but when the distance increases the wiring cost increases.

Therefore, the ZigBee wireless transmission technology for wireless sensor networks [1] is used to solve the signal transmission path problem in this study [2,3]. ZigBee is characterized by low speed, low power consumption, and the ability to support numerous network nodes and multiple network topologies. Network topologies can be classified into star, tree, and net network topologies [4]. The sensing range can be expanded by mounting multiple nodes. In order to increase control accuracy, a controlled system model shall be constructed. However, as the environment is full of uncertainties, in order to accurately analyze environmental changes, the environmental mathematical model shall be completely deduced. The fuzzy theory was proposed by American scientist Zadeh in 1965 [5] to process fuzzy uncertainties and allow control to be implemented without complex mathematical analysis [6].

Sung et al. proposed fish pond culture via fuzzy and self-adaptive data fusion application [7]. Jimsan et al. published a method for monitoring pond water quality [8]. Magsumbol et al. proposed a fuzzy logic approach for fish growth assessment [9]. Lauguico et al. developed an adaptive neuro-fuzzy inference system for aquaphotomics development [10].

2  Hardware Structure

2.1 Temperature Sensing Heater and Submerged Motor Pump Modules

The platinum resistive PT100 is used for temperature sensing in this study. This element has good linearity at −200°C to 600°C and exhibits resistive change with temperature. This variation exports voltage through linear and compensation circuits, and in order to eliminate common mode noise, the voltage signal is exported to the differential amplifier, where it is processed and exported, and the voltage-temperature ratio is 0.1/1°C. The PT100 and its circuit architecture are as shown in Figs. 1 and 2.
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Figure 1: Platinum resistive PT100
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Figure 2: PT100 circuit architecture

In order to improve the condition of a fish pond temperature lower than the set temperature value, the microcontroller exports the pulse-width modulation (PWM) signal to control the solid-state relay (SSR) to adjust the heater voltage and, thus, control the heating rod temperature. Figs. 3 and 4 show the heater and its control circuit. In this paper, transmit (TX) means transmitting data, and receive (RX) means receiving data. When the fishpond temperature is higher than the set temperature value, the submerged motor pump pumps water for cooling. The microcontroller exports the PWM signal to control the SSR relay and adjust the submerged motor pump input voltage to control the motor pump output. Figs. 5 and 6 show the submerged motor pump and its control circuit.
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Figure 3: Heater
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Figure 4: Heater control circuit
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Figure 5: Submerged motor pump
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Figure 6: Submerged motor pump control circuit

2.2 Liquid Oxygen Volume Sensor and Air Pump Module

In the initial stage of the development of a fish pond, there are only a few soluble minerals in the water. In particular, the concentrations of nitride and phosphate are very low, which restricts the growth of algae. Additionally, there are both liquid and solid wastes of fish. The liquid wastes are directly absorbed by aquatic plants. With the passage of time, the concentrations of nitride and phosphate in the fish pond increase, and this promotes the proliferation of algae and results in eutrophication. In this case, there will be greater demand for oxygen, and an inadequate oxygen supply will lead to the death of fish [11].

Soluble oxygen sensing measurement involves a specialized digital oxygen analyzer with a soluble oxygen measurement range of 0 to 20 mg/L, pictured in Fig. 7. The sensing data will be obtained through RS-232.
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Figure 7: Soluble oxygen sensing module

When the soluble sensing module senses that the soluble oxygen volume in the water is lower than the set soluble oxygen value, the microcontroller sends PWM signals to control the SSR relay and adjust the input voltage of the air pump in order to control the motor. Figs. 8 and 9 show the air pump and its control circuit.
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Figure 8: Air pump
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Figure 9: Air pump control circuit

2.3 Ph Value Sensing Module

In general, the pH value of water suitable for cultured fish ranges from 6 to 8. Excessively acidic or alkaline conditions are harmful to fish. Acid can erode gill organization, which can lead to coagulation necrosis, an increase in mucous secretion, hyperemia in the abdomen, and inflammation. Acid prevents proteins from changing and results in the functional loss of fish organizations and organs. Normally, a pH value lower than 4.5 will result in death. Strongly alkaline water causes gill secretions to condensate, which can cause breathing difficulties and death. To prevent such problems, a specialized digital pH value analyzer, pictured in Fig. 10, is used to monitor the water's pH value. Its measurement range is from 0 to 14, and the sensing data are obtained through RS-232.
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Figure 10: pH value sensing module

2.4 Feed Feeder Module

An automatic feed feeder can reduce labor costs by offering timed manual feeding through the software interface and control circuit. The control circuit is started when the microcontroller sends a signal to control the BS-115C relay. Figs. 11 and 12 show the feed feeder and its control circuit.
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Figure 11: Feed feeder
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Figure 12: Control circuit of feed feeder

2.5 Wireless Sensing Module

This study adopts ZigBee technology, which is a kind of wireless transmission technology that features low consumption rate and cost and is thus used extensively [12,13]. In the system, the star-shaped topology is adopted to establish a wireless sensing network for signal transmission. Due to the different voltage levels between the sensing signals and ZigBee signals, the sensing signals must be increased through Max232. Figs. 13 and 14 show the controlled load terminal, the sensor terminal, and the signal coordinator wireless transmission module.
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Figure 13: Wireless transmission module at the controlled terminal
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Figure 14: Signal coordinator wireless transmission module

2.6 UPS Module

Electric supply is the most important source of power. If the electric supply becomes unreliable or there is blackout, the accumulator will serve as a temporary electric supply for the fish pond system. In general, the accumulator is charged by solar energy. In the process, solar energy is transformed into electricity to be stored in a 12 V accumulator; then, the voltage conversion module converts the electrical output from 12 to 5 V for the sensor module and control circuit. The Fig. 15 shows the electric supply conversion circuit.
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Figure 15: Electric supply conversion circuit

Fig. 16 shows the system framework that imitates the fish pond culture environment in this study. In the framework, the temperature sensing module, the soluble oxygen volume sensing module, and the pH value sensing module are used to collect water quality information. The collected physical signals are sent through the wireless transmission module of the sensing terminal to the signal coordinator wireless transmission module and then to the computer. The settings, displayed and recorded temperatures, soluble oxygen volume, pH value, and feed feeder control are accessible on the human-machine interface. Moreover, fuzzy theory is used to deduce temperature and soluble oxygen sensing values, and these results are sent through the signal coordinator wireless transmission module to the wireless transmission module at the controlled terminal to control the heat, the submerged pump, and the air pump. All sensing information is uploaded onto the Internet so that mobile devices can access real-time monitoring of fish ponds via Wi-Fi. Fig. 17 shows the locations of the sensors and the controlled loads in the simulated fish pond.
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Figure 16: System framework
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Figure 17: Locations of sensors and controlled loads

3  Fuzzy Controller

3.1 Define the Input and Output Variables

Regarding the temperature fuzzy controller, the input variables are the temperature error (E) and temperature error variable (VE), and the output variables are the heater temperature (H) and submerged pump discharge (P). Fish have changeable body temperatures and are highly sensitive to temperature, so the hourly temperature changes of the temperature controller must be confined to 4°C/h, which is the maximum temperature gap for fish [14]. Given that the variable field of the temperature error ranges from “−1” to “1”, the standardized temperature errors are [−3°C, 3°C] and [−1°C, 1°C], respectively. The field of the two output variables is [0,1].

The input variables of the soluble oxygen volume fuzzy control are soluble oxygen volume error (O) and soluble oxygen volume error variance (DO), and the output variable is air pump transmission (A). The variance set of the soluble oxygen volume errors is [−1 ppm, 1 ppm], and the variance set of the air pump transmission is [0,1].

In general, numbers are used to symbolize values, such as 180 and 160 cm for height; however, in this study, the numbers symbolizing the “value” of height are replaced by adjectives, such as “tall” and “short.” When sentences describe certain variables, they are called “sentence variables.”

3.2 Design Membership Function

The traditional clear set belongs to binary relations. Its special functions include only 0 and 1, and their values indicate a clear relationship between “belong to” and “not belong to.” The special functions of a fuzzy set can divide the extent of belonging between 0 and 1, and their values can represent the relationship between the elements and the set or the membership between the elements and the set. A higher level of membership indicates that the elements are more likely to belong to the set. Eq. (1) through Eq. (7) are membership function equations. Suppose that “A” is a clear set-in field “U” and “x” is an element in the field. Hence, the set “A” can be symbolized by a special function UA(x):


UA(x)={1,∈A0,∉ A
(1)

If “A” is a fuzzy set in field “U,” the membership value UA(x) is used to indicate the extent to which “x” belongs to the fuzzy set. The relationship can be shown by the following mathematical formula:


A={(x,UA(x))|x∈A}
(2)

In general, membership functions can be divided into two types: the discrete membership function and the successive membership function.

Discrete membership function:


A=UA(x1)x1+UA(x2)x2+⋯+UA(xn)xn=∑iUA(xi)xi
(3)

Successive membership function:


A=∫UA(x)x
(4)

The triangular membership function, trapezoid membership function, and Gaussian membership function, presented by Figs. 18–20, respectively, are the typical and frequently used successive membership functions.
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Figure 18: Triangular membership function
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Figure 19: Trapezoid membership function
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Figure 20: Gaussian membership function

3.2.1 Triangular Membership Function and Graph


(x)={0,x≤a0.5pcx−ab−a,a≤x≤b1pcc−xc−b,b≤x≤c1pc0,c≤x
(5)

3.2.2 Trapezoid Membership Function and Graph


UA(x)={0,x≤a0.5pcx−ab−a,a≤x≤b1pc1,b≤x≤c0.5pcd−xd−c,c≤x≤d0.5pc0,d≤x
(6)

3.2.3 Gaussian Membership Function and Graph


UA(x)=exp⁡(−(x−m)22σ2)
(7)

In this study, the triangular membership function is adopted for the fuzzy membership functions of the input and output variables of the temperature fuzzy controller and the soluble oxygen volume fuzzy controller in order to facilitate the processing and calculation of digital signals. Fig. 21 shows the membership functions of the variables.
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Figure 21: Membership functions of input and output variables (a) Temperature error membership function (b) Temperature error variance membership function (c) Heater temperature membership function (d) Submerged pump discharge membership function (e) Soluble oxygen volume error membership function (f) Membership function of soluble oxygen volume error variance (g) Membership function of air volume transmitted by the air pump

3.3 Establish the Fuzzy Rule Database

The fuzzy deduction rule database designed in this study provides behavior rules for the control system. In other words, the designer summarizes practical experience into conditional sentences to describe the relationships between input and output variables, which creates rational control over the controlled variables according to the fuzzy rule database [15].

Fuzzy rules can be divided into three types, namely, semantic fuzzy rules, functional fuzzy rules, and Tsukamoto fuzzy rules [16]. In this study, semantic fuzzy rules, also called Mamdani fuzzy rules, are adopted. The typical semantic fuzzy rules are as follows:

Ri=IF x1 is A1i and ⋯ and xp is Api Then y is Bi
R1=IF E is ENB and VE is VNB Then H is HZO and P is PZO
R2=IF E is ENB and VE is VNS Then H is HZO and P is PPS
R3=IF E is ENB and VE is VZO Then H is HZO and P is PPS
Both the temperature fuzzy controller and the soluble oxygen volume fuzzy controller have two input variables. Each input variable is differentiated by five sentences, which leads to 25 rules. According to the semantic fuzzy rules and adjustments after the experiment, two databases are established. Tab. 1 shows the temperature fuzzy rule database, and Tab. 2 shows the soluble oxygen volume rule database.
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3.4 Fuzzy Inference Factors

Fuzzy inference factors refer to a fuzzy rule database, which consists of some inference sentences featuring “if…, then….” When an “input” enters the rule database, there will be an output after some calculation. Combinations of different representation and integration methods of inference sentences with different fuzzy logic inference are used to generate various inference factors. Common representation methods of inference sentences include the Dienes–Rescher representation method, the Lukasiewicz representation method, the Zadeh representation method, the Godel representation method, the Mamdani minimum representation method, and the Mamdani product representation method. In this study, the Mamdani minimum representation method [17] is adopted, and it is illustrated as follows:

•   If FP1, then FP2 can be represented as FP1 − > FP2

•   
 IF E is ENB and VE is VNB Then H is HZO represented asFP1(E,VE)−>FP2(H) is represented as R((E,VE),H)
.

•   Mamdani minimum representation method: FP1 − >FP2 = min(FP1(x), FP2(y)) ≜ RMM(x, y)

•   FP1(E, VE) → FP2(H) = min(FP1(E, VE), FP2(y)) ≜ RMM((E, VE), H)

The Eqs. (8)–(11) are fuzzy inference factor equations. In the integrated rule database, the methods for several fuzzy inference sentences include “Mamdani integration” and “Godel integration.” In this study, Mamdani integration is adopted, and the results are as follows (“Q” in the following formula represents “m” (cardinal number) rules R(n)):


Q=⋃n=1mR(n)
(8)

Generalized modus ponens (GMP) is used in fuzzy logic inference, which can be seen as a system. As shown in Fig. 22, input is Prerequisite 1, factor is Prerequisite 2, and output is Conclusion in GMP.

[image: images]

Figure 22: Generalized modus ponens

To reduce the burden of calculation of the Mamdani minimum representation method, Mamdani integration and GMP are adopted to obtain the output. Such a combination is called the smallest inference factor, as shown in the following formula:


B′(y)=maxlm⁡[maxx∈X⁡(A′(x)∧Al(x)∧Bl(y))]
(9)

3.5 Defuzzification

The purpose of defuzzification is to clarify the inference results of fuzzy inference factors by converting fuzzy set B′(y), y ∈ Y, into an action with a clear value. In other words, it aims to seek a clear point B′(y) that can best represent fuzzy set 
y∗∈Y
. There are many ways to achieve defuzzification. In this study, the core defuzzification method is used to obtain a clear value. Although the calculation is rather difficult, the calculation results are the most rational. According to the type of fuzzy sets, there are two algorithms, the successive algorithm and the discrete algorithm, which are shown as follows [13].

Successive algorithm:


y∗=∫Y⁡yB′(y)dy∫Y⁡B′(y)dy
(10)

Discrete algorithm:


y∗=∑i=1k⁡yiB′(yi)∑i=1k⁡B′(yi)
(11)

3.6 MATLAB Simulation Results

With the Fuzzy module in the simulation software MATLAB, this study establishes a temperature fuzzy controller and a soluble oxygen volume fuzzy controller. As shown in Fig. 23, the temperature fuzzy controller and the soluble oxygen volume fuzzy controller set the fuzzy intersection as the standard intersection “min,” while the fuzzy united set sets the standard united set “max” through the editing interface; the inference representation method is the “Mamdani minimum representation method”; the inference sentence integration is the “Mamdani integration”; and the defuzzification method is the core defuzzification method. The configuration of the curves is achieved with the established fuzzy rule database and membership function, where each curve displays the output variance derived from the two inputs. To enhance the adaptability of the system, the curves are analyzed to modify the fuzzy rule database and membership function. Fig. 24 displays the curves of the three output variables.
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Figure 23: Editing interface of fuzzy controller (a) Editing interface of temperature fuzzy controller (b) Editing interface of soluble oxygen volume fuzzy controller
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Figure 24: The curves of the three output variables (a) Curve of the heater temperature (b) Curve of the submerged pump discharge (c) Curve of the air volume transmitted by the air pump

4  Experimental Results

The human-machine interface of the wireless monitoring system in this study is designed with the graphical window program Visual Basic.

The monitoring interface mainly displays temperature, soluble oxygen volume, and the actual curve graphs measured by the pH sensing module. Meanwhile, scroll settings are used to meet the demand of users in the environment. First, the values measured by the sensor are compared with the set values. Next, the errors and error variance are taken as the input of the fuzzy logic controller. After fuzzification and defuzzification, the output control signals determine the operation of controlled loads. For instance, when the temperature error is within the range [−1°C, 1°C], the situation will be normal. If the actual values are lower than the set values, the control rules obtained from the fuzzy controller will lead to the low-power operation of the heater, resulting in a stable rising temperature curve; on the contrary, if the actual values are higher than the set values, the heater will stop operating to facilitate low-rated operation, and the water temperature will decline due to water recycling. When the temperature error is outside the range [−1°C, 1°C] and there is an excessively high or low temperature, there will a high-rated operation or operation suspension of the output of the fuzzy controller. Under every situation, the fuzzy controller will constantly adjust the heater to control the heater temperature and the submerged pump discharge until the error equates to zero. This Visual Basic program is used to design the window pages of the interface, including the environment-monitoring page, the abnormal record page, and the feed control page, which are shown in Fig. 25. In the control interface of the feeder, the feeder can be manually opened or the time of opening can be set. Fig. 26 shows the feeding control interface.
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Figure 25: Environment-monitoring page
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Figure 26: Feeding control page

Webpage users can monitor water quality and the on/off situation of controlled loads with mobile devices. Through actual measurements and experimentation, this study compares the traditional on/off control with fuzzy control. The traditional on/off control functions by merely judging if the temperature and soluble oxygen volume are higher or lower than the set values, and the heating rod, submerged pump, and air pump operate with rated power.

In contrast, the fuzzy controller controls the operational power according to the results of inference. Figs. 27 and 28 are the curve graphs of water temperature and soluble oxygen volume, which are renewed every ten seconds. According to the curve graph of the fuzzy control, though fuzzy control results in smaller errors, it is more stable than the tradition on/off control; moreover, its water temperature error percentage is lower than 1.2%, and its soluble oxygen volume error percentage is lower than 2.5%. T1 is the water temperature response curve of the traditional on/off control; T2 is the water temperature setting curve; and T3 is the water temperature response curve of the fuzzy control. O1 is the soluble oxygen volume response curve of the traditional on/off control; O2 is the soluble oxygen volume setting curve; and O3 is the soluble oxygen volume response curve of the fuzzy control.
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Figure 27: Water temperature vs. time. of the fuzzy control
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Figure 28: Soluble oxygen vs. time

5  Conclusion

This study proposes the use of wireless sensor network architecture to build a highly efficient fish pond aquaculture monitoring system. This system uses fuzzy algorithms to control hardware devices that adjust multiple variables of the environment. Therefore, accurate sensing data and correct control are key characteristics of this system. To enhance culture efficiency in fisheries and improve traditional control, this study takes the fuzzy controller as the control core of the system and uses a wireless sensing network framework to establish a simulated automatic monitoring system based on an actual fish pond culture environment. In terms of signal transmission, the ZigBee wireless technology replaces wired transmission. In addition to solving the difficulties of wire layout and reducing hardware costs, the network topological hardware structures contribute to wider transmission coverage. In this study, the most important part of hardware control is the design of the fuzzy controller. After the errors in the water quality variables and the error variances are fuzzified and inferred by fuzzy factors, they are defuzzified to output results to control loads. According to the curve graphs, which are based on actual measurements, it can be clearly seen that there is significant error between the fuzzy controller and the traditional controller and that the former renders the system more stable. Therefore, the fish pond aquaculture monitoring system proposed in this study is feasible, and it can provide a more stable and suitable growth environment for aquatic creatures.
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Table 1: Temperature fuzzy rule database
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Table 2: Soluble oxygen volume tuzzy rule database
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