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Abstract

:

This work presents a novel intelligent control system based on a Genetic Neuro-Fuzzy tool to optimize and improve the performance of a seawater reverse osmosis desalination plant (SWRO) on board a marine vessel. This investigation pays special attention to minimizing energy consumption to improve the energy efficiency of this marine installation. The system analyzes measurements of different variables—seawater pH, seawater conductivity, permeate flow rate, permeate conductivity, and total energy consumed—in order to provide the most appropriate value of permeate flow rate control and operating pressure of the high-pressure pump (HPP). This intelligent method allows the plant to achieve output values nearer to the desired setpoints set by the plant operators.
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1. Introduction


The freshwater supply is one of the most important requirements in marine vessels, since it is a vital necessity for the operation of the ship itself, but also for use by the crew [1]. Freshwater can be obtained from water supplies in ports and from the desalination of seawater. This last option makes it necessary to identify certain key parameters to operate a desalination plant efficiently. In this sense, the quality and amount of water are imperative requirements, but the energy consumed is also important and essential.



In this study, the Guidelines for Drinking-water Quality (GDWQ) [2] of the World Health Organization (WHO) have been consulted to determine the water quality requirements for marine vessels. Specifically, in this work we have chosen to control only the water conductivity from the desalination process, since it is the parameter interrelated with total dissolved solids (TDS). The WHO proposes as a reference value for the palatability of water a TDS level of less than approximately 600 mg/L (938 µS/cm). It is important to note that there are no international or official standard values, but rather reference values [3].



The parameters used in this work allow this desalination plant to be used on land and on board, since it meets the criteria for on-board use. At this point, some considerations must be taken into account, since ships are isolated structures, so energy input and storage capacity are key. According to various researchers, the total water used in cruises varies widely, being highly dependent on the number of passengers, the size of the ship, and so on. For example, Garcia et al. [4] point out that a cruise ship in a Spanish base port refills an average volume of 628 m3 per mooring, while Krile [1] indicates that the average drinking water consumed on cruise ships exceeds 984 m3 per day. Therefore, having a control system to improve the efficiency of desalination plants would save energy and water. In this work, a small desalination plant inside a 20-foot shipping container is used, meaning it could easily be installed in a ship.



The water–energy relationship has been studied in recent decades [5,6], but in the case of ships there are important restrictions in terms of energy consumption, which is why scientists are introducing renewable energy into maritime transport. This remains a work in progress for this sector [7] since these energy resources have been widely applied in other fields [8].



Industry 4.0 and Artificial Intelligence (AI) have been used together for a long time. In particular, Machine Learning (ML), Genetic Neuro-Fuzzy (GNF) and Deep Learning (DL) techniques have improved different processes in seawater treatment plants, yielding higher quality control, increasing their productivity, reducing human error, improving the overall efficiency of the system, and optimizing operating and production costs [9,10,11,12,13,14,15,16]. In fact, the increased interest in this topic has been pointed out by M. Shammi [5], who indicates that the number of publications related to desalination involving artificial intelligence has increased remarkably in recent years.



In some studies, several control methods and different operational strategies for the variable operation for desalination plants have been proposed [17]. Other researchers have also applied control strategies to connect different renewable energy sources such as wind or PV energy to desalination plants [18,19]. The benefits of AI are not only in desalination, but in other water treatment technologies which have been widely studied [20].



In our work, we have opted for a control strategy based on the change in the operating pressure of the high-pressure pump. Furthermore, in this study, there are different requirements for the daily water obtained, the permeate conductivity and the total energy consumption. Therefore, the main objective is to control the desalination process under stationary management in accordance with these requirements. The method used relies on data-based learning, which means that the results will be related to the specific characteristics of the investigation.



In summary, the central purpose of this research is to develop an intelligent approach for the optimal operation of an SWRO desalination plant. A Genetic Neuro-Fuzzy training technique has been applied to improving the control possibilities of the SWRO plant. This study considers the changes involved in a marine vessel moving around the world where sea conditions are continually changing. The objective is to improve the efficiency of onboard SWRO desalination plants, considering the minimization of energy requirements and storage capacity as essential parameters for this sector.




2. Materials and Methodology


2.1. Desalination Plant and Data Collection


The data obtained to carry out this study were extracted from an experimental reverse osmosis desalination plant with a capacity of 80–100 m3/day (Figure 1) located in the facilities of the Instituto Tecnológico de Canarias (ITC), in Gran Canaria. Figure 1 shows a simplified diagram of the main elements that comprise the desalination plant. At the start of the process is the pretreatment system consisting of sand and cartridge filters (F.A. and F.C.). After that is the high-pressure pump (B.A.P. in Spanish), and finally the reverse osmosis membrane. This plant is part of the DESAL + LIVING LAB platform and is used for research purposes.



As seen in Figure 2, the plant is located in a 20 ft container, which makes the plant very easy to transport and apply to different environments, such as a marine vessel in this case. Since this desalination plant is used for research purposes, it has been designed with several possible configurations, allowing the researchers to obtain different recovery and energy consumption ratios. Apart from this, another fundamental element is its plug-and-play technology, which allows different experiments to be carried out quickly and efficiently. The main characteristics of the plant are described in Table 1.



The data used were recorded over a 24-h period, at one-minute intervals between each measurement. The variables recorded include the working speed of the high-pressure pump, pressures and flow rates at different points in the system, seawater pH and conductivity, conductivity of permeate water, general energy consumption (kWh), total specific energy consumption (kWh/m3), and finally, the conversion factor. A total of 19 variables were obtained, although only the ones shown in Table 2 were used in this study.




2.2. Artificial Intelligence Method


The aim of this paper is to create an intelligent structure that is able to indicate the most adequate actuator parameters in order to have the most efficient desalination operation. To achieve this, first, it is necessary to obtain a table with the best values of the parameters from Table 2 and to establish limits for the daily amount of permeate water, permeate conductivity, and total energy consumption. The first requirement involves the amount of water produced in 24 h (as per the vessel’s needs) and is obtained from the permeate flow rate. In this study, the daily water for the crew was set at between 70 to 100 m3 per day. Regarding permeate conductivity, in this case, a maximum lower than those recommended by the WHO’s GDWQ was chosen, since water could be utilized for several needs, including use by the crew; specifically, it was set to between 520 and 680 µS/cm. Finally, the total energy consumption of the plant was fixed between 6.5 and 10 kWh, since the principal objective of this research is to achieve the highest possible energy savings in a marine vessel.



Having set these requirements, a cost function was defined to obtain the remaining variables based on a weight distribution. As mentioned above, the total energy consumption is considered the priority, and was thus assigned 50% of the cost function. The daily amount of permeate water was set at 20%, and permeate conductivity at 30%. By changing these proportions of the cost function or adding new parameters, such as seawater temperature, this method can be extrapolated to different marine vessels.



At this point, the established requirements and the cost function defined generate the optimal values, reducing Table 2 from 1149 to 828 samples whose values satisfy the specified requirements.



In what follows, this subset of values that meet the specified requirements will be called the “table of optimal values”. Furthermore, it is important to note that the cost function used has weighted the term corresponding to the energy requirements at a high percentage compared to the other requirements, since energy savings is a fundamental factor to optimize the total energy consumption in a ship.



The flow chart in Figure 3 shows the steps followed up to now, where the last one, corresponding to the application of an artificial intelligence technique, specifically a Genetic-Neuro Fuzzy process, will be described below.



The last step shown in Figure 3 is to build an intelligent control system. The training-based technique chosen in this work is a Genetic Neuro-Fuzzy (GNF) system [21,22]. As shown in Figure 4, a three-layer system with a structure equivalent to the one proposed by Jang [23] has been implemented. The first layer of the system corresponds to GNF inputs and each one represents the membership functions. Equation (1) represents the outputs of this first layer.


   φ  ij   = exp     −      U i  −  m  ij      2     σ  ij     2         i  = 1 , … ,  N 1  ; j = 1 , … ,  N 2  ,  



(1)







The input number is N1; N2 is the total number of nodes in the intermediate layer; the center of the membership function is shown as mij; σij is the width of the membership function, Ui is the i-th input, φij is the output neuron of the i-th input and the output connected to the j-th node of the intermediate layer.



Equation (2) shows the outputs for the second layer, which corresponds to the rule system. Equation (3) is the general output.


   ε i  = min    φ  1 j   ,      φ    2 j   , … ,  φ   N 1  j        j  = 1 , … ,  N 2  ,  



(2)






   Y k  =     ∑   j = 1    N 2    s  ϑ  jk    ε j      ∑   j = 1    N 2     ε j    k = 1 , … ,  N 3     



(3)




where N3 is the number of GNF outputs, and sϑjk is the estimated value of the k-th output from the j-th node.



As Equations (1)–(3) show, there is a correlation between the width and center of the membership functions, the estimated system outputs and the number of nodes of the intermediate layer. To establish these parameters, a learning process is developed in three phases, where in the first two phases the initial values for the parameters are established and the number of nodes in the hidden layer is optimized. Finally, in the third phase these values are modified to obtain better results.



In the first phase, known as the Unsupervised Learning Phase, a Kohonen’s self-organizing [24] map provides the initial values for mij and sϑjk. The inputs are shown in Equation (4).


  V =    U 1  …  U   N 1     Y 1  …  Y   N 3       



(4)







The vector [Ui] represents the input values and [Yk] is the desired output of the GNF system.



At the end of this unsupervised learning phase, the winning node is found and the center of the membership functions (mij) is obtained, thus allowing the system outputs (sϑjk) to be estimated. This stage represents the first assignment, since these values will be improved during the ensuing learning phases.



Once N2, mij, and sϑjk are established, in the second phase a GNF is built in order to fix values for the parameters σij. Furthermore, an optimization process is also carried out with the purpose of minimizing the number of rules, that is, of reducing the number of nodes in the hidden layer. This phase uses the genetic process [21,22,25] inspired by the biology prototypical of genetic evolution. In this analogy, there is an individual with elementary data (in this case, a vector), and there are genes (in this research, vector components) that represent the hidden nodes by a Boolean parameter and the width of the membership functions. Next, a fitness function is determined by considering the variation between the real outputs and the individual one. Once this stage is concluded, adequate individual values for σij, and a satisfactory set of rules (nodes on the hidden layer) are determined.



The last phase, known as the Supervised Learning Phase, has the purpose of improving the values set for the mij, σij, and sϑjk parameters. As was pointed out previously, the system proposed in this paper is comparable to a three-layer neural network; therefore, the same equation to describe the input nodes is used as for the neurons in a radial basis neural network [26]. Additionally, the least mean squared learning algorithm is also employed. Lastly, a criterion function (Equation (5)) has to be minimized based on the difference between the outputs of the GNF (ψk) and the desired one (Yk).


  E =  1 2    ∑   k = 1    N 3         Y k  −  ψ k     2   



(5)







Owing to the fact that the initial parameters of mij, σij, sϑjk, and N2 were set previously, in this last learning stage, these values are changed until a minimum error function is found.



In this assessment, the input vector U consists of the seawater pH, the daily amount of water produced, the permeate conductivity and the total energy consumption. It should be noted that three of these parameters have been subjected to the limits set in the requirements. In each phase, several tests are carried out to establish those parameters that yield the minimum error. Regarding the outputs, they are the feed water flow rate and the HPP outlet pressure, but it should be noted that one depends on the other, which necessitates building a learning process in cascade, as shown in Figure 5. It is important to remark that the two blocks labeled “GNF” in Figure 5 correspond to a controller unit, where the inputs are the variables indicated above and the outputs are the HPP output pressure and the feed flow rate. That is, the controller provides values for both parameters in order to satisfy the requirements for the quantity of water produced per day, permeate conductivity and total energy consumption.





3. Results and Discussion


All the training phases explained previously were carried out using the 70% of the data, while the rest were set aside to verify the generalization capability of the system. This means testing to see if, once the particular GNF system has been trained, it is able to provide satisfactory outputs to unknown inputs (unused data for the training procedure). By analyzing the results, it is possible to conclude that an appropriate level of generalization has been obtained.



The results of the GNF phase and the unsupervised phase are shown below for the two trained systems. Once the complete training process is concluded for each GNF, the one with the least error function is selected.



Figure 6 shows the result of the genetic algorithm phase when the HPP pressure is being processed. Note that after 20 generations, the best fitness value results are very similar to the mean, and after 50 generations, the average value between individuals is zero. This result indicates that the system has been properly trained. Particular results are shown in Table 3. The right columns present some results provided by GNF after an unsupervised phase, and they are compared with the real HPP values. As we can see, the outputs given by the trained system are quite similar to the expected values, as evidenced by the mean quadratic error of 0.047109 for the generalization. It is important to highlight that these results correspond to outputs generated when unknown inputs are provided, that is, values that have not been used for the training phases.



Regarding feed flow rate, when this output is processed, a good generalization is also achieved. The evolution of the fitness value and the average distances between individuals after the Genetic phase are given in Figure 7, which shows that it is not as good as GNF for HPP pressure, although the result could be acceptable, since it improves in the next phase. After the unsupervised phase, the absolute training error is 0.018749 and the absolute generalization error is 0.022766. This is shown in the left columns of the Table, where some of the feed flow rate values provided by the GNF are presented and compared with the expected values. An analysis of these graphs and a comparison of the values obtained with the real ones allows us to confirm the success of the training process.




4. Conclusions


In this research, a cost function based on requirements for the amount of permeate water per day, permeate conductivity, and the total energy consumed by the desalination plant was applied to build a table of optimal values. Part of this table was used for Genetic Neuro-Fuzzy training. Two cascade learning processes were developed, one to provide the HPP inlet pressure to the plant and the other to provide the feed flow.



With this proposed system, it is possible to build an intelligent controller for desalination plants. In this case, it was built to provide the most efficient HPP operating pressure and the most convenient feed flow rate based on requirements determined by the amount of water produced in 24 h, permeate conductivity and total energy consumption. This approach ensures that it is maintained at the set conditions, but also that the intelligent controller will provide the most suitable values for the HPP operating pressure and for the feed flow, in terms of energy efficiency.



It is important to note that this study could be expanded by modifying these requirements. Therefore, this work could be valuable in the field of desalination since it is also applicable to different types of marine vessels, given the energy consumption restrictions considered.



In this study, the conductivity of seawater is considered an input variable; however, this research could be extended if new variables directly related to the expected consumption, such as seawater temperature, were included in the training. Note that this work is focused on improving the efficiency of desalination plants aboard ships that sail around the world through oceans with changing seawater conditions.



In conclusion, this work represents the first step towards a more complex intelligent control of the desalination process in marine vessels. The methodology considered improves the on-board desalination plant, since it considers its changing environmental conditions and aims to minimize the energy requirements. However, its limited storage capacity poses a fundamental challenge for the future of this sector.
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Figure 1. Desalination plant diagram. 
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Figure 2. Container housing the plant. 
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Figure 3. Flow chart of methodology. 
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Figure 4. Structure of the GNF system. 
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Figure 5. Diagram of inputs and outputs to Genetic Neuro-Fuzzy. 
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Figure 6. Average distances between individuals for HPP pressure as performance and evolution of the fitness value. 
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Figure 7. Trend in fitness value and average distances between individuals for feed flow rate as output. 
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Table 1. Main parameters of the SWRO plant used in the study.
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	Parameter
	Unit Values/Characteristics





	Production capacity
	80–100 m3/day



	High-pressure pump (HPP) operating pressure
	20.8–57 Bar



	HPP maximum pressure
	57 Bar



	HPP nominal RPM
	600



	Feed flow rate
	8.01–10.15 m3/h



	Permeate flow rate
	3.09–4.15 m3/h



	General energy consumption
	3.8–9 kWh



	Total specific energy consumption (Salino pressure center)
	1.97–2.5 kWh/m3



	Type of membrane
	Hydranautics SWC4 MAX (Spiral wound)



	Permeate recovery rate
	34–43%
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Table 2. Sample of the data recorded during a 24-h measurement.
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	Sample Number
	Seawater pH
	Seawater Conductivity (mS/cm)
	Feed Flow Rate (m3/h)
	HPP Outlet Pressure (Bar)
	Permeate Conductivity (μS/cm)
	Permeate Flow Rate (m3/h)
	Total Energy Consumption (kWh)





	1
	6.85
	54.5
	8.13
	53.8
	669
	3.23
	6.712



	…
	…
	…
	…
	…
	…
	…
	…



	300
	6.86
	54.2
	8.11
	53.7
	661
	3.32
	6.684



	…
	…
	…
	…
	…
	…
	…
	…



	500
	6.87
	53.6
	9.18
	55.2
	592
	3.63
	7.794



	…
	…
	…
	…
	…
	…
	…
	…



	580
	6.85
	53.6
	9.81
	56.2
	561
	3.89
	8.568



	…
	…
	…
	…
	…
	…
	…
	…



	660
	6.85
	54.1
	8.8
	54.7
	619
	3.57
	7.393



	…
	…
	…
	…
	…
	…
	…
	…



	900
	6.86
	54.3
	8.09
	53.9
	669
	3.2
	6.67



	…
	…
	…
	…
	…
	…
	…
	…



	1149
	6.85
	54.6
	8.13
	53.6
	658
	3.24
	6.678
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Table 3. Comparison of results between outputs provided by GNF system and the real ones for HPP pressure (Bar) and Feed Flow rate (m3/h).
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	Genetic Neuro-Fuzzy Output (m3/h)
	Real Feed Flow Rate (m3/h)
	Genetic Neuro-Fuzzy Output (Bar)
	Real HPP (Bar)





	8.7748
	8.76
	56.584
	56.2



	8.1005
	8.11
	53.7296
	53.6



	9. 7989
	9.83
	53.7027
	54



	8.1168
	8.13
	53.733
	53.8



	8.1023
	8.10
	56.0792
	56.1



	9.1191
	9.13
	53.74
	53.5



	9.1303
	9.11
	53.7342
	53.7



	9.4670
	9.46
	54.7407
	54.6



	8.7748
	8.81
	53.7927
	53.8
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