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Abstract

:

This article addresses the design and real-time implementation of an expert model predictive controller (Expert MPC) for the control of the brackish and seawater desalination process in a pilot-scale reverse osmosis (RO) plant. This pilot-scale plant is used in order to obtain the optimal operation conditions of the RO desalination process through the implementation of different control strategies, as well as in the training of operators in the new control and management technologies. A dynamical mathematical model of this plant has been developed based on the available field data and system identification procedures. Predictions of the obtained model were in good agreement with the available field data. The designed Expert MPC is distinguished by having a plant identification block and an expert system. The expert system, using a rule-based approach and the evolution of the plant variables, can modify the plant identification block, the plant prediction model, and/or the optimizer in order to improve the performance, robustness and operational safety of the overall control system. The real-time comparison results of the designed Expert MPC and a well-designed model predictive controller (MPC) show that the proposed Expert MPC has a significantly better performance and, therefore, higher accuracy and robustness.
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1. Introduction


Water scarcity has become a progressively growing problem worldwide due to the accelerated increase in water demand, which is expanding nowadays at a rate never seen before in any previous time [1,2,3,4,5]. Therefore, the effective management of water resources is a challenge to face the complexity of the real problem [6,7,8,9].



Currently, to solve the growing global demand for freshwater, the desalination of brackish and seawater is being used [10,11,12]. Desalination is a powerful and hopeful technology for obtaining freshwater, and in many countries with scarce water resources, represents the only solution [13,14,15].



Desalination is a water treatment process that removes salt and other minerals from brackish and seawater to make them suitable for human consumption and/or industrial and agriculture use [16]. Water with salinity less 500 mg/L is adequate for human use [17]. The desalination process essentially separates saline water into two streams—one that has a low salt concentration (permeated flowrate, or product water), and the other with a higher salt concentration than the original feed water (brine flowrate, or simply concentrate) [18]. The seawater desalination is an energy-intensive consumption process [19,20,21,22,23].



There are two main possibilities to obtain desalted seawater: (a) thermal processes and (b) membrane processes [17]. However, membranes-based processes are the most energy-efficient option [24]. Consequently, reverse osmosis (RO) desalination method has become as one of the essential technologies for the commercial desalination industry, as well as the most commonly used approach to increase the provision of freshwater around the world [25]. Thereby, brackish and seawater RO desalination plants are quickly increasing in the world [26].



Seawater RO desalination plants need an effective controller to increase their performance, as well as to keep their operations close to the optimum conditions, which results in higher efficiency, along with extending the lifetime of their membranes [27,28,29]. Nevertheless, the effective control of these plants is not a simple assignment and has several challenges, among which are: (a) the dynamic processes in the membrane vessels are complex and cannot easily be modelled; (b) for the operation of the high-pressure pump, a large amount of energy is required; (c) the feed seawater features variations can considerably change the performance of the RO membrane units, which leads to lower water production, deficient system operations, membranes fouling or irreversible membranes damages; (d) the high-pressure setpoint has to be increased several times a day for compensation of the membranes fouling effect and to bring the permeate flowrate back to its operation value, which usually is done manually by plant operators; (e) continuous monitoring of membranes fouling is required to determine the appropriate time for membranes flushing (cleaning in place by chemical detergents is applied when membrane flushing is not sufficient to recover the good membranes performance); and (f) the operators of these plants are trained by conventional methods that only enable them to maneuver the infrastructures and not to control and manage these plants efficiently [30,31,32]. In addition, these plants have uncertainties, multivariable coupling, load disturbances, and dynamics dependent on the operation conditions, since a few of their parameters, such as the membrane permeability, are time-varying due to membranes fouling [33,34,35].



Membranes fouling result from the accretion of undesirable particles inside or around the membranes [36]. The impact of this unavoidable process has undesirable consequences on the performance of the RO desalination plants: a decrease in permeate flowrate production for constant operating pressures, or increase in the feed flowrate, which involves expensive pre-treatments, higher operating pressures, and prevalent chemical cleanings that can damage the membranes, decrease the permeate quality, and reduce the replacement time of membranes [37]. Moreover, the dynamic process parameters obtained after cleaning are different from the dynamic parameters existing before cleaning [35]. Consequently, the costs of water and energy consumption grow [17]. As seawater RO desalination plants turn more complex, the control theory allows the estimation of uncertainties, the determination of risks and safety measures, and the design of robust and reliable control systems [38,39,40].



For the critical variables’ control of the seawater RO desalination plants, diverse controllers have been developed. These controllers are mainly: conventional [41,42,43], feedforward [37], optimal [28,44], adaptive [35], model predictive [45,46,47,48], fractional order [49], or robust [32,50,51,52]. In these plants, the most implemented controller is the proportional integral derivative (PID), owing to the fact that many process engineers are much more familiar with this class of controller than with sophisticated advanced controllers, due their functional simplicity, which allows them to operate in a straightforward mode [53,54]. Moreover, it is well-known that in diverse industrial processes, the PID controllers show good performance, robustness, and simple implementation [55,56]. However, when the seawater RO desalination plants are characterized by time-varying dynamic behaviors, the PID controllers are not sufficient and fail to provide satisfactory performance [32,35,45].



To overcome the shortcomings of PID controllers, a number of advanced controllers have been developed over the last decades, for example the model predictive controller (MPC) [57]. The MPC is an industry-accepted controller for advanced control of processes with complex dynamical behaviors, which, in comparison to the PID controller, is considered a better tool based on many studies reported in the literature, see e.g., Ref. [58]. However, the MPC has not been intensively used in the automation of RO desalination plants, and only few contributions regarding this class of controllers can be found in the literature [46].



The MPC has some practical problems; for example, it requires a precise model of the plant to be controlled, which in many cases is difficult to obtain [57,58]. Usually, the MPC performs well initially, but as the plant dynamics change with process operating conditions, its performance usually deteriorates, see e.g., Refs. [35,45,49]. Linear time-invariant multivariable models are used in the MPC design of the RO desalination plants, although it is well-known that these plants are time-varying multivariable systems; therefore, the required control performance is very difficult to achieve over a reasonable range of operating conditions, see e.g., Refs. [33,45,46,48].



Artificial intelligence is one of the newest fields in science and engineering, which has provided successful solutions to many problems that are extremely difficult to be solved by traditional mathematical approaches, and it constitutes a powerful tool for control of complex dynamical processes [59,60,61]. In particular, the research field of knowledge-based systems has received a lot of attention; see e.g., Refs. [61,62]. The knowledge-based systems are defined as systems in which some symbolic representation of human knowledge is applied, usually in a way very similar to human reasoning. In this class of systems, the expert systems have been the most successful and those that have grown most rapidly nowadays [63,64].



An expert system is a software system that emulates the decision-making ability of human experts within a specific well-defined domain of knowledge to solve actual convoluted problems in this domain [64]. If these systems are designed to emulate the knowledge of human experts in the development of control operations, they are called expert controllers [65]. The reasons for using the expert systems in the process control are that there are some operational problems that can be solved more efficiently by heuristic or rules of thumb [65]. Therefore, expert controllers have been fruitfully applied to solve complex engineering problems, as well as for the control of industrial processes with time-varying parameters, nonlinearities, uncertainties, etc., see e.g., Refs. [66,67,68,69,70,71]. An important argument for applying expert controllers is the decrease of the effort required to effectively execute the control laws. This is because expert controllers support many of the functions usually achieved by operators and control engineers [65]. Consequently, the expert systems tools and techniques allow for the design of industrial controllers to be more accurate and effective than conventional ones [65]. Moreover, in recent years, expert controllers are being successfully applied in the water industry, because the solution of diverse control problems in this industry requires the knowledge and experience of the best specialists in this field, see e.g., Ref. [72].



In Ref. [73], for effective control of a seawater RO desalination plant of a mineral processing facility, an adaptive expert-generalized predictive multivariable controller was proposed. However, the main drawbacks of this controller are: The architecture of the used expert system is unknown; the knowledge base is not developed; and the real-time implementation of the designed controller in a real seawater desalination plant was not performed, so it has not been possible to evaluate its effectiveness. Note that the real-time implementation of an Expert MPC for the control of a seawater RO desalination plant is a challenging task because it requires the solution of different theoretical and practical problems.



This paper proposes the design of an Expert MPC for effective control of the critical variables of the brackish and seawater RO desalination plants and its real-time implementation in a pilot-scale RO desalination plant. The control of this pilot-scale plant is relevant since its dynamics closely resemble the dynamics of the real seawater RO desalination plants. Note that the dynamic behavior of the seawater desalination plants varies significantly when their operating conditions change due to membranes fouling, which makes the design of accurate controllers very difficult.



This paper is organized as follows. Section 2 gives a brief description of the pilot-scale RO desalination plant and presents the proposed plant dynamic model. In Section 3, the design of the Expert MPC is developed. Section 4 shows the discussions of the obtained results. Finally, Section 5 gives some conclusions.




2. System Identification of the Pilot-Scale Seawater RO Desalination Plant


The pilot-scale RO desalination plant considered in this paper is installed in the Control and Automation Laboratory of the Pontifical Catholic University of Peru, located in Lima. This installation is used in the development of research related to the design and implementation of new controllers, as well as in the preparation of personnel trained in the operation of RO processes, control, optimization, monitoring, fault detection, and management of brackish and seawater desalination commercial plants. Figure 1 shows a view of this plant, which in order to prevent water losses, the water flows inside the plant in a closed loop system; therefore, it does not have energy recovery devices and the post-treatment stage is not necessary.



The schematic representation of Figure 2 shows the different components of this pilot-scale setup, which are: the pre-treatment system, the high pressure feed pump, the RO membranes rack, the brine and permeate tanks, and the storage and mixing system of the permeate and brine flowrates, that is integrated by the mixing valve, the feedback pump and the storage tank. The pre-treatment system is integrated by the feed pump, the UV filter, the multimedia filter, the active carbon filter, the fine filter, and the two additives tanks. The high-pressure feed pump is of the stainless steel model with variable pressure of up to 50 bar. This pump is connected to a speed variator that controls the inlet pressure to the RO membrane’s rack.



The pilot-scale seawater RO desalination plant is equipped with an instrumental platform composed of a pH sensor (pHT), two pressure sensors (PT), a temperature sensor (TT), two flow sensors (FT), two conductivity sensors (CT), three ultrasonic level sensors (LT), two additive dosing pumps, four pressure gauges (PG), and four proportional control valves (PV). The flow sensor (FT1) and the conductivity sensor (CT2) located at the RO membranes rack outlet allow to control the flow and conductivity of the permeate, and therefore, the conversion rate. The permeate conductivity is controlled by the adjustment of the position of the proportional control valve (PV3) located at the exit of the brine flowrate. This pilot-scale plant was designed for normal operation with the brine flowrate control valve opening (PV3) 50% with a nominal pressure of 18 bars. In this plant, we use drinking water mixed with a certain minimum amount of salt, that is, we use brackish water and therefore the pressure of 18 bar is enough to desalt the incoming (raw) water. To avoid membranes damages, the proportional control valve PV3 should not be completely closed. This plant also has an automatic flushing and start-up system that protects the membranes from scaling and fouling. The recovery rate of this plant is 46%.



The supervision and control system of this plant includes two control stations: the local control one, and the one of remote supervision. The local control station includes a programmable automation controller (PAC) ControlLogix 5570 (Rockwell Automation, Milwaukee, WI, United States), which combines the robustness of a programmable logic controller (PLC) with the advanced calculation capacity of an industrial computer, and a PanelView 1500 (Rockwell Automation, Milwaukee, WI, United States), for local operation of the implemented control systems. The remote supervision station is based on a personal computer (PC). Both stations have a SCADA (data acquisition and supervisory system) application programmed in FactoryTalk View (Rockwell Automation, Milwaukee, WI, United States). The communication between these stations is done through the TCP/IP protocol.



The controllers of this plant are implemented in the PAC using the structured text language that allows the implementation of advanced controllers. Different control strategies and setpoint changes can be applied through the SCADA application. The SCADA also allows storing the plant signals of interest in a database and its export to other applications, as well as the alarm’s generation and verification of potential failures, and the suggestion of different decision-making.



The design of MPC requires mathematical models that accurately describe the most relevant dynamic behavior of the plants to be controlled [57,71]. In the last years, for the development of adequate mathematical models of complex industrial plants, systems identification tools are being used successfully, see e.g., Refs. [74,75,76,77,78].



The main goal of a seawater RO desalination plant is to produce desalted water with a low total dissolved solids (TDS) index [17]. However, the permeate conductivity is used to evaluate the quality of the desalted water obtained because it is not possible to measure the TDS on-line [11]. Then, the permeate conductivity must be maintained within a certain range of values to guarantee the required quality of the desalted water. For example, for human consumption, the permeate conductivity should be maintained in a range of 400–500 μS/cm [17]. In addition, an augment in the permeate conductivity implies an increment in the membrane fouling and/or variations in the dynamic parameters of the RO desalination plant [45].



The RO desalination plant is a multivariable process, with two input variables and two output variables that must be controlled simultaneously. Each RO high-pressure feed pump is equipped with a variable frequency drive (speed variator) to change the rotational speed of the pump, which in turn varies both the flow rate and the pressure of the incoming stream to the RO rack. Moreover, in industrial practice, to change the concentration of the permeate flowrate, the brine flowrate is adjusted by varying the position of the brine flowrate control valve. Therefore, in this plant, the critical variables that must be controlled are: the permeate flowrate Qpt through the high feed pressure Pft, and the permeate conductivity Cpt by means of the brine flowrate Qbt.



Through the application of the systems identification tools [74], a mathematical model that describes the dynamic behaviour of the pilot-scale plant under study was obtained, which is represented by the expression:


QpsCps=G11sG12sG21sG22s×PfsQbs



(1)




where:


G11s=QpsPfs=0.018950.7492 s+10.1150s2+0.4028 s+1



(2)






G12s=QpsQbs=−0.012380.3421 s+10.1060s2+0.6018 s+1



(3)






G21s=CpsPfs=−0.40910.2547 s+10.4150s2+0.8048 s+1



(4)






G22s=CpsQbs=−0.69910.1387s+10.5249s2+1.6516 s+1



(5)







Figure 3 shows the validation results of the mathematical model obtained of the seawater RO desalination plant under study, which exhibit degrees of accuracy (FIT) of 94.4%, 90.8%, 94.11%, and 90.2% respectively. Therefore, the model (1) adequately describes the dynamic behaviour of the plant under study and consequently can be used in the design of MPC.



The model (1) of the plant under study can be converted, without precision loss, in the following CARIMA model, which is used to predict the future dynamic behavior of the plant output variables [57]:


1+a^11q−1+a^12q−2Qpk=b^11q−1Pfk+e1kΔ



(6)








1+a^21q−1+a^22q−2Cpk=b^21q−1Qbk+e2kΔ



(7)





The model (6), (7), can be expressed as a CARIMA model for a two-input two-output (MIMO) plant:


Aq−1y^k+j/k=Bq−1uk+j−1/k+1Δek+j



(8)




where:


y^k+j=Qpk+j Cpk+jT



(9)








uk+j=Pfk+j Qbk+jT



(10)






ek+j=e1k+j e2k+jT



(11)






Aq−1=I2×2+A1q−1+A2q−2



(12)






Bq−1=B1q−1+B2q−2



(13)






Δ=1−q−1



(14)





y^k+j is the vector of optimum j-step ahead prediction of plant outputs; uk+j is the input vector; ek+j is the noise vector; and I2×2 is the identity matrix. The noise vector is supposed to be a white noise with zero mean.




3. Expert Model Predictive Controller Design


The block diagram of the designed Expert MPC is depicted in Figure 4. Since the dynamic parameters of the RO desalination plants vary due to membrane fouling, this controller has a plant identification block that on-line calculates the parameters of the prediction model. Based on the information available, the Expert System can develop different on-line decision-making strategies to achieve the control objective, and the prediction error  ek+j approaches zero.



The architecture of the developed Expert System is shown in Figure 5. The components of this Expert System are: the Data Base, the Knowledge Base, the Inference Engine, and the Explanation Module.



The Data Base contains the information of all the signals of the control system (a set of facts). The Knowledge Base includes the available symbolic knowledge about the control system represented by a set of rules (the Rule Base). The Rule Base contains rules in the “IF (case) THEN (action)” format, which deals with conditions involving changing in the control system. The Inference Engine comprises the methods for applying the general knowledge of the control system (mechanism to match the left and sides of the rules in order to succeed the goals or sub-goals), i.e. to emulate the control expert’s decision-making process in reasoning about what input to generate for the plant. The explanation module informs the users on how and why the conclusions are obtained.



The CLIPS commercial expert system shell was used because of its flexibility, expandability and low cost [79]. The shell refers to the software package containing a generic inference engine, a user interface, and a structured skeleton of a knowledge base in its empty state with the appropriate knowledge representation facilities that enable users to develop and use expert systems [63].



The Rules Base contains more than 50 rules. The rules were generated based on the knowledge of expert operators on the dynamic behaviour of these plants, as well as on the optimization and safety of their operation. Some rules of the Rule Base are the following:



Rule 1: IF ek>en, where en is a threshold error value, THEN update the parameters of the prediction model with the estimation of the plant identification block;



Rule 2: IF ek<=en, THEN maintain the current parameters of the prediction model;



Rule 3: IF ek+j>0, THEN continue with the calculation of the new control signal  uk;



Rule 4: IF ek+j<0, THEN increase the current values of the weighting matrix for control moves (Q);



Rule 5: IF  τ==0, where τ is the plant time delay, THEN maintain the current value of the minimum prediction horizon (N1);



Rule 6: IF τ>=0, where τ is the plant time delay, THEN equalize the minimum value of the minimum prediction horizon with the current value of the time delay (N1==τ);



Rule 7: IF y^k+j>wk+j, where wk+j is the external reference, THEN decrease the current values of the weighting matrix for predicted errors (R);



Rule 8: IF uk is very aggressive, THEN increase the current values of the weighting matrix for control moves (Q);



Rule 9: IF uk is very aggressive, THEN increase the current value of the maximum prediction horizon (N2);



Rule 10: IF ek==±m, where m is the steady state error, THEN increase the current values of the weighting matrix for predicted errors (R).



The Rule Base was tested by verifying that it is consistent, that it has no errors, and that it complies with the specifications and established objectives.



The Expert System, using the Rule Base and the evolution of the plant variables, can modify the plant identification block, the plant prediction model, and/or the optimizer in order to improve the performance, robustness and operational safety of the overall control system.



By minimizing the following cost function [57]:


J=∑j=N1N2‖y^k+j−rk+j‖R2+∑j=1Nu‖Δuk+j−1‖Q2



(15)




where rk+j is the reference trajectory for the output vector; N1 and N2 are the minimum and maximum prediction horizons respectively; Nu is the control horizon; and R and Q are positive definite weighting matrices; the optimal control signal is obtained.



The vector of optimum ahead prediction of plant outputs can be represented in compacted form as [57]:


y=Gu+f



(16)




where G is the plant dynamic matrix, u is the vector of plant future inputs, and f is the plant free response vector.



Finally, the derived optimal control signal, if there are not constraints, is obtained as [57]:


u=GTRG+Q−1GTRr−f



(17)








4. Results and Discussions


The designed Expert MPC was programmed and real-time implemented in the remote supervision station of the pilot-scale RO desalination plant under study (see Figure 1). In order to evaluate the performance and robustness of the designed Expert MPC controller, two real-time tests were developed based on real industrial operation scenarios involving demanded setpoint changes. Moreover, a step disturbance to all plant outputs was applied at different time instants. The controllers’ performance was evaluated based on the settling time, overshoot and steady state error obtained from the plant steps changes responses. To ensure the rapid fouling of the membranes, the water used in this plant is rich in dissolved and suspended solids.



The first test scenario was developed to validate the performance of the Expert MPC, as well as its rejection to the negative impact of the plant time-varying parameters near specified nominal operating conditions. The design parameters of the Expert MPC were next: The sampling period was established at T=10 s, the minimum and maximum prediction horizons were set like N1=3, N2=15 samples respectively, the control horizon was established as Nu=3, and the positive definite weighting matrices were set like R=diag5, 1 and Q=diag1, 6, respectively. Figure 6 shows, in the PanelView 1500 of the pilot-scale plant, the real-time closed-loop responses of the control system with the designed Expert MPC. In this figure, at time t=25 s, simultaneous step changes were applied at the setpoint (SP) of the permeate flowrate that increased it from 5 l/min to 20 l/min, as well as at the setpoint (SP) of the permeate conductivity that decreased it from 580 μS/cm to 430 μS/cm.



Figure 7 shows an enlargement of the results exhibited in Figure 6, and Figure 8 exhibits the control signals of the designed Expert MPC.



From Figure 6, it is observed that the permeate flowrate and the permeate conductivity attain the new setpoints (20 l/min, 430 μs/cm respectively) with a setline time (ts) of approximately 125 s, and with an undershoot (Mp) of 12.5% for the permeate conductivity. However, due to membranes fouling, time variations in the dynamic parameters of the plant take place from time t=200 s, and consequently the permeate flowrate decreases and the permeate conductivity increases; therefore, the time responses of the control system worsen. As in this test scenario, the error signal ek between the output vector of the plant yk  and the output vector of the prediction model y^k is greater than the value of the threshold error  en; the first rule of the expert system is triggered, and therefore the parameters of the prediction model are tuned by the expert system (see Figure 4). Consequently, at time t=290 s, the time responses of the control system return to their operations values with zero steady-state errors. Thus, the designed Expert MPC keeps its robust performance throughout this test scenario.



The second test scenario was performed to comparatively evaluate the performance of the designed Expert MPC against another standard MPC designed under the same conditions but without the expert system. In this test scenario, at time t=15 s, simultaneous step changes were applied at the setpoint of the permeate flowrate, that increased it from 22 l/min to 30 l/min, as well as at the setpoint of the permeate conductivity that decreased it from 480 μS/cm to 425 μS/cm. The real-time closed-loop responses and control signals of this test scenario are displayed in Figure 9 and Figure 10 respectively. From Figure 9, it is observed that both controllers perform likewise against setpoints changes. However, when plant time-varying parameters take place (at time t=200 s), the designed Expert MPC gives a better performance compared to the standard MPC.



In order to compare the robustness of the designed controllers, two performance indexes were used: (a) the Integral Absolute Error (IAE), which is an integral index of the output time response, and (b) the control effort (TV), which provides a measure of the smoothness of the control signals [80,81,82]. Table 1 summarized the comparative results of the performance indexes of both controllers against the effect of plant time-varying parameters.



From Table 1, it is observed that the lowest IAE with the least control effort is obtained with the designed Expert MPC; therefore, this controller exhibits the best robustness. This means that the Expert MPC makes it more possible to get faster and accurate responses for the stabilization and control of the pilot-scale plant critical variables than the standard MPC. Consequently, the designed Expert MPC will guarantee a better operation of the actual industrial scale RO desalinization plants, as well as a higher conversion rate, with lower energy consumption. Nevertheless, in these plants, there are more disturbances compared with our pilot scale plant; therefore, the Rule Base of the Expert System will need to be extended.




5. Conclusions


In this paper, an Expert MPC was designed for the accurate and robust control of the critical variables of the brackish and seawater RO desalination plants, and it was real-time implemented in the remote supervision station of the pilot-scale RO desalination plant of the Pontifical Catholic University of Peru. By the application of the system identification procedures, a dynamic mathematical model that satisfactorily depicts the main dynamic features of this plant was derived.



The designed Expert MPC enables the accurate control of the permeate flowrate and the permeate conductivity by varying the high feed pressure and the brine flowrate respectively, which is more consistent with the industrial practice developed in the commercial seawater desalination plants. This controller is characterized by having an expert system, which, based on the information available, develops different decision-making strategies online to achieve the control objective and to ensure that the prediction error ek+j becomes zero.



The efficiency and robustness of the designed controller were evaluated through some real-time tests and two performance indexes considering different real industrial operation scenarios and a well-designed standard MPC. The results obtained show that the efficiency and robustness of the control system of the plant under study with the designed Expert MPC are much better compared to the standard MPC in terms of plant time-varying parameters rejection.



Our future research objective in this direction will focus on the real-time implementation of the Expert MPC designed in an actual industrial scale RO desalination plant, which will guarantee a better plant operation, as well as a high conversion rate and lower energy consumption.







Author Contributions


All the authors contributed to the development of the experiments, the data analysis, the real-time EMPC implementation, and the writing and review of the paper. Specifically, J.S.-M. was in charge of the experiments, G.P.-Z. of the mathematical developments, M.E.S.-A. of preparing the state of the art, and R.R.-P. of the overall ideas of the exposed research and the general conception of the paper. All the authors have read and approved the final manuscript.




Funding


This research received no external funding.




Acknowledgments


The present work has been supported by the European Community Horizon 2020 Research and Innovation Programme under the Marie Skłodowska-Curie grant agreement No 824046.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Li, M.; Sun, H.; Singh, V.P.; Zhou, Y.; Ma, M. Agricultural water resources management using maximum entropy and entropy-weight-based TOPSIS methods. Entropy 2019, 21, 364. [Google Scholar] [CrossRef]

	



Gharab, S.; Feliu-Batlle, V.; Rivas-Perez, R. A fractional-order partially non-linear model of a laboratory prototype of hydraulic canal system. Entropy 2019, 21, 309. [Google Scholar] [CrossRef]

	



Pedro-Monzonís, M.; Solera, A.; Ferrer, J.; Estrela, T.; Paredes-Arquiola, J. A review of water scarcity and drought indexes in water resources planning and management. J. Hydrol. 2015, 527, 482–493. [Google Scholar] [CrossRef]

	



Gleick, P.H. The world’s water. In The Biennial Report on Freshwater Resources; Island Press: Washington, DC, USA, 2011; Volume 7. [Google Scholar]

	



Arenas-Sánchez, A.; Rico, A.; Vighi, M. Effects of water scarcity and chemical pollution in aquatic ecosystems: State of the art. Sci. Total Environ. 2016, 572, 390–403. [Google Scholar] [CrossRef] [PubMed]

	



Al-Jawad, J.Y.; Alsaffar, H.M.; Bertram, D.; Kalin, R.M. A comprehensive optimum integrated water resources management approach for multidisciplinary water resources management problems. J. Environ. Manag. 2019, 239, 211–224. [Google Scholar] [CrossRef]

	



Calderon-Valdez, S.N.; Rivas-Perez, R.; Ruiz-Torija, M.A.; Feliu-Batlle, V. Fractional PI controller design with optimized robustness to time delay changes in main irrigation canals. In Proceedings of the 14th IEEE Conference on Emerging Technologies and Factory Automation, Palma de Mallorca, Spain, 23–25 September 2009; pp. 1411–1417. [Google Scholar]

	



Loucks, D.P.; van Beek, E. Water resources systems planning and management. In An Introduction to Methods, Models and Applications; UNESCO: Paris, France, 2005. [Google Scholar]

	



Rivas-Perez, R.; Feliu-Batlle, V.; Castillo-Garcia, F.; Linares-Saez, A. Mathematical model for robust control of an irrigation main canal pool. Environ. Model. Softw. 2014, 51, 207–220. [Google Scholar] [CrossRef]

	



Gao, L.; Yoshikawa, S.; Iseri, Y.; Fujimori, S.; Kanae, S. An economic assessment of the global potential for seawater desalination to 2050. Water 2017, 9, 763. [Google Scholar] [CrossRef]

	



Wang, L.K.; Chen, J.P.; Hung, Y.-T.; Shammas, N.K. Handbook of Environmental Engineering: Membrane and Desalination Technology; Humana Press: New York, NY, USA, 2011; Volume 13. [Google Scholar]

	



Schiffler, M. Perspectives and challenges for desalination in the 21st century. Desalination 2004, 165, 1–9. [Google Scholar]

	



Ghaffour, N.; Missimer, T.M.; Amy, G.L. Technical review and evaluation of the economics of water desalination: Current and future challenges for a better water supply sustainability. Desalination 2013, 309, 197–207. [Google Scholar] [CrossRef]

	



Hanasaki, N.; Yoshikawa, S.; Kakinuma, K.; Kanae, S. A seawater desalination scheme for global hydrological models. Hydrol. Earth Syst. Sci. 2016, 20, 4143–4157. [Google Scholar] [CrossRef]

	



Greenlee, L.F.; Lawler, D.F.; Freeman, B.D.; Marrot, B.; Moulin, P. Reverse osmosis desalination: Water sources, technology, and today’s challenges. Water Res. 2009, 43, 2317–2348. [Google Scholar] [CrossRef] [PubMed]

	



Sudak, R. Reverse osmosis. In Handbook of Industrial Membrane Technology; Porter, M., Ed.; Noyes Publications: Park Ridge, NJ, USA, 1990; pp. 260–306. [Google Scholar]

	



Voutchkov, N. Desalination Engineering: Planning and Design; McGraw Hill Professional: New York, NY, USA, 2011. [Google Scholar]

	



Fritzmann, C.; Löwenberg, J.; Wintgens, T.; Melin, T. State-of-the-art of reverse osmosis desalination. Desalination 2007, 216, 1–76. [Google Scholar] [CrossRef]

	



Stillwell, A.S.; Webber, M.E. Predicting the specific energy consumption of reverse osmosis desalination. Water 2016, 8, 601. [Google Scholar] [CrossRef]

	



Miller, S.; Shemer, H.; Semiat, R. Energy and environmental issues in desalination. Desalination 2015, 366, 2–8. [Google Scholar] [CrossRef]

	



Zarai, N.; Tadeo, F.; Chaabene, M. Planning of the operating points in desalination plants based on energy optimization. Int. J. Comp. Appl. 2013, 68, 6–11. [Google Scholar] [CrossRef]

	



Mistry, K.H.; McGovern, R.K.; Thiel, G.P.; Summers, E.K.; Zubair, S.M.; Lienhard, V.J.H. Entropy generation analysis of desalination technologies. Entropy 2011, 13, 1829–1864. [Google Scholar] [CrossRef]

	



Warsinger, D.M.; Mistry, K.H.; Nayar, K.G.; Chung, H.W.; Lienhard, V.J.H. Entropy generation of desalination powered by variable temperature waste heat. Entropy 2015, 17, 7530–7566. [Google Scholar] [CrossRef]

	



Wilf, M.; Klinko, K. Optimization of seawater RO systems design. Desalination 2001, 138, 299–306. [Google Scholar] [CrossRef]

	



Peñate, B.; García-Rodríguez, L. Current trends and future prospects in the design of seawater reverse osmosis desalination technology. Desalination 2012, 284, 1–8. [Google Scholar] [CrossRef]

	



Elimelech, M.; Phillip, W.A. The future of seawater desalination: Energy, technology, and the environment. Science 2011, 333, 712–717. [Google Scholar] [CrossRef]

	



Alatiqi, I.; Ettourney, H.; El-Dessouky, H. Process control in water desalination industry: An overview. Desalination 1999, 126, 15–32. [Google Scholar] [CrossRef]

	



Ghobeity, A.; Mitsos, A. Optimal time-dependent operation of seawater reverse osmosis. Desalination 2010, 263, 76–88. [Google Scholar] [CrossRef]

	



Emad, A.; Ajbar, A.; Almutaz, I. Periodic control of a reverse osmosis desalination process. J. Process Control 2012, 22, 218–227. [Google Scholar] [CrossRef]

	



Assef, J.Z.; Watters, C.J.; Deshpande, P.B.; Alatiqi, I.M. Advanced control of a reverse osmosis desalination unit. J. Process Control 1997, 7, 283–289. [Google Scholar] [CrossRef]

	



Sobana, S.; Panda, R.C. Review on modelling and control of desalination system using reverse osmosis. Rev. Environ. Sci. Biotechnol. 2011, 10, 139–150. [Google Scholar] [CrossRef]

	



Al-haj, A.M.; Ajbar, A.; Ali, E.; Alhumaizi, K. Robust model-based control of a tubular reverse-osmosis desalination unit. Desalination 2010, 255, 129–136. [Google Scholar]

	



Abbas, A. Model predictive control of a reverse osmosis desalination unit. Desalination 2006, 194, 268–280. [Google Scholar] [CrossRef]

	



Phuc, B.D.H.; You, S.-S.; Lim, T.-W.; Kim, H.-S. Dynamical analysis and control synthesis of RO desalination process against water hammering. Desalination 2017, 402, 133–142. [Google Scholar] [CrossRef]

	



Gu, H.; Bartman, A.R.; Uchymiak, M.; Christofides, P.D.; Cohen, Y. Self-adaptive feed flow reversal operation of reverse osmosis desalination. Desalination 2013, 308, 63–72. [Google Scholar] [CrossRef]

	



Ruiz-García, A.; Melián-Martel, N.; Nuez, I. A Critical review on predicting fouling in RO desalination. Membranes 2017, 7, 62. [Google Scholar] [CrossRef]

	



McFall, C.W.; Bartman, A.R.; Christofides, P.D.; Cohen, Y. Control and monitoring of a high recovery reverse-osmosis desalination process. Ind. Eng. Chem. Res. 2008, 47, 6698–6710. [Google Scholar] [CrossRef]

	



Alotaibi, S.; Ibrahim, O.M.; Wang, Y.; Luo, T. Exergy analysis of directional solvent extraction desalination process. Entropy 2019, 21, 321. [Google Scholar] [CrossRef]

	



Shahzad, M.W.; Burhan, M.; Ybyraiymkul, D.; Ng, K.C. Desalination processes’ efficiency and future roadmap. Entropy 2019, 21, 84. [Google Scholar] [CrossRef]

	



Mistry, K.H.; Lienhard, V.J.H. Generalized least energy of separation for desalination and other chemical separation processes. Entropy 2013, 15, 2046–2080. [Google Scholar] [CrossRef]

	



Alatiqi, I.M.; Ghabris, A.H.; Ebrahim, S. System identification and control of reverse osmosis desalination. Desalination 1989, 75, 119–140. [Google Scholar] [CrossRef]

	



AlDhaifallah, M.M.; Sassi, K.M.; Mujtaba, I.M. PID control of reverse osmosis based desalination process. Comput. Aided Chem. Eng. 2012, 30, 812–816. [Google Scholar]

	



Sobana, S.; Panda, R.C. Modeling and control of reverse osmosis desalination process using centralized and decentralized techniques. Desalination 2014, 344, 243–251. [Google Scholar] [CrossRef]

	



Gambier, A.; Wellenreuther, A.; Badreddin, E. Control system design of reverse osmosis plants by using advanced optimization techniques. Desalin. Water Treat. 2009, 10, 200–209. [Google Scholar] [CrossRef]

	



Li, D.; Yang, N.; Niu, R.; Qiu, H.; Xi, Y. FPGA based QDMC control for reverse-osmosis water desalination system. Desalination 2012, 285, 83–90. [Google Scholar] [CrossRef]

	



Bartman, A.R.; Christofides, P.D.; Cohen, Y. Nonlinear model-based control of an experimental reverse osmosis water desalination system. Ind. Eng. Chem. Res. 2009, 48, 6126–6136. [Google Scholar] [CrossRef]

	



Bartman, A.R.; McFall, C.W.; Christofides, P.D.; Cohen, Y. Model-predictive control of feed flow reversal in a reverse osmosis desalination process. J. Process Control 2009, 19, 433–442. [Google Scholar] [CrossRef]

	



Robertson, M.W.; Watters, J.C.; Desphande, P.B.; Assef, J.Z.; Alatiqi, I.M. Model based control for reverse osmosis desalination processes. Desalination 1996, 104, 59–68. [Google Scholar] [CrossRef]

	



Feliu-Batlle, V.; Rivas-Perez, R.; Linares-Saez, A. Fractional order robust control of a reverse osmosis seawater desalination plant. IFAC-PapersOnLine 2017, 50, 14545–14550. [Google Scholar] [CrossRef]

	



Gambier, A. Control of a reverse osmosis plant by using a robust PID design based on multi-objective optimization. In Proceedings of the 50th IEEE Conference on Decision and Control and European Control Conference, Orlando, FL, USA, 12–15 December 2011; pp. 7045–7050. [Google Scholar]

	



Phuc, B.D.H.; You, S.-S.; Lim, T.-W.; Kim, H.-S. Modified PID control with H∞ loop shaping synthesis for RO desalination plants. Desalin. Water Treat. 2016, 57, 25421–25434. [Google Scholar] [CrossRef]

	



Zebbar, M.; Messlem, Y.; Gouichiche, A.; Tadjine, M. Super-twisting sliding mode control and robust loop shaping design of RO desalination process powered by PV generator. Desalination 2019, 458, 122–135. [Google Scholar] [CrossRef]

	



Rivas-Perez, R.; Feliu-Batlle, V.; Castillo-Garcia, F.J.; Sanchez-Rodriguez, L.; Linares Saez, A. Robust fractional order controller implemented in the first pool of the Imperial de Aragon main canal. Tecnol. Cienc. Del Agua 2014, 5, 23–42. [Google Scholar]

	



Aström, K.; Hägglund, T. Control PID Avanzado; Pearson Educación, S.A.: Madrid, Spain, 2009. [Google Scholar]

	



Kao, T.G.; Nguen, M.; Rivas-Perez, R. Adaptive control of a time-delay plant using a searchless model-reference self-tuning system. Autom. Remote Control 1989, 49, 1620–1627. [Google Scholar]

	



Rivas-Perez, R.; Castillo-Garcia, F.J.; Sotomayor-Moriano, J.; Feliu-Batlle, V. Control robusto de orden fraccionario de la presión del vapor en el domo superior de una caldera bagacera. Rev. Iberoam. De Automática E Inf. Ind. 2014, 11, 20–31. [Google Scholar] [CrossRef]

	



Camacho, E.F.; Bordons, C. Model Predictive Control in the Process Industry; Springer-Verlag: London, UK, 2012. [Google Scholar]

	



Martín-Sánchez, J.M.; Rodellar, J. ADEX Optimized Adaptive Controllers and Systems: From Research to Industrial Practice; Springer-Verlag: London, UK, 2015. [Google Scholar]

	



Lucci, S.; Kopec, D. Artificial Intelligence in the 21st Century (Computer Science), 2nd ed.; Mercury Learning and Information: Herndon, VA, USA, 2015. [Google Scholar]

	



Cai, Z.X. Intelligent Control: Principles, Techniques and Applications; World Scientific Publishing Co. Pte. Ltd.: Singapore, 1997. [Google Scholar]

	



Russell, S.J.; Norvig, P. Artificial Intelligence. A Modern Approach, 3rd ed.; Pearson Education, Inc.: Upper Saddle River, NJ, USA, 2010. [Google Scholar]

	



Norris, D.J. Beginning Artificial Intelligence with the Raspberry Pi; Apress Inc.: Barrington, NH, USA, 2017. [Google Scholar]

	



Vizureanu, P. Advances in Expert Systems; InTech: London, UK, 2014. [Google Scholar]

	



Lucas, P.J.F.; van der Gaag, L.C. Principles of Expert Systems; Addison-Wesley: Boston, MA, USA, 1991. [Google Scholar]

	



Jovic, F.; Jovic, F.L. Expert Systems in Process Control; Springer-Verlag: Berlin, Germany, 1992. [Google Scholar]

	



Chen, X.S.; Shu-minFei, Q.L. Supervisory expert control for ball mill grinding circuits. Expert Syst. Appl. 2008, 34, 1877–1885. [Google Scholar] [CrossRef]

	



Gámez García, J.; Gómez Ortega, J.; Satorres Martínez, S.; Sánchez García, A. Expert system based controller for the high-accuracy automatic assembly of vehicle headlamps. Expert Syst. Appl. 2011, 38, 12818–12825. [Google Scholar] [CrossRef]

	



Bergh, L.; Ojeda, P.; Torres, L. Expert control tuning of an industrial thickener. IFAC-PapersOnLine 2015, 48, 86–91. [Google Scholar] [CrossRef]

	



Wu, M.; She, J.H.; Nakano, M. An expert control system using neural networks for the electrolytic process in zinc hydrometallurgy. Eng. Appl. Artif. Intell. 2002, 14, 589–598. [Google Scholar] [CrossRef]

	



Tzafestas, S.G. Expert Systems in Engineering Applications; Springer-Verlag: Berlin, Germany, 1993. [Google Scholar]

	



Martín-Sánchez, J.M.; Rodellar, J. Adaptive Predictive Expert Control: Methodology, Design and Application; Universidad Nacional de Educación a Distancia (UNED): Madrid, Spain, 2005. [Google Scholar]

	



Aguilar, J.; Langarita, P.; Linares, L.; Rodellar, J.; Soler, J. Adaptive predictive expert control of levels in large canals for irrigation water distribution. Int. J. Adapt. Control Signal Process. 2012, 26, 945–960. [Google Scholar] [CrossRef]

	



Rivas-Perez, R.; Sotomayor Moriano, J.; Perez-Zuñiga, C.G. Adaptive expert generalized predictive multivariable control of seawater RO desalination plant for a mineral processing facility. IFAC- PapersOnLine 2017, 50, 10244–10249. [Google Scholar] [CrossRef]

	



Ljung, L. System Identification. Theory for the User; Prentice-Hall: Upper Saddle River, NJ, USA, 1999. [Google Scholar]

	



Rivas-Perez, R.; Feliu-Batlle, V.; Castillo-Garcia, F.J.; Sanchez-Rodriguez, L.; Linares-Saez, A. Control oriented model of a complex irrigation main canal pool. IFAC Proc. Vol. 2011, 44, 2919–2924. [Google Scholar] [CrossRef]

	



Abbas, A.; Al-Bastaki, N. Modeling of an RO water desalination unit using neural networks. Chem. Eng. J. 2005, 114, 139–143. [Google Scholar] [CrossRef]

	



San-Millan, A.; Feliu-Talegón, D.; Feliu-Batlle, V.; Rivas-Perez, R. On the modelling and control of a laboratory prototype of a hydraulic canal based on a TITO fractional-order model. Entropy 2017, 19, 401. [Google Scholar] [CrossRef]

	



Castillo-Garcia, F.J.; Feliu-Batlle, V.; Rivas-Perez, R.; Sanchez, L. Time domain tuning of a fractional order PIα controller combined with a Smith predictor for automation of water distribution in irrigation main channel pools. IFAC Proc. Vol. 2011, 44, 15049–15054. [Google Scholar] [CrossRef]

	



Kumar, S.; Prasad, R. Importance of expert system shell in development of expert system. Int. J. Innov. Res. Dev. 2015, 4, 128–133. [Google Scholar]

	



Skogestad, S. Simple analytic rules for model reduction and PID controllers tuning. J. Process Control 2003, 13, 291–309. [Google Scholar] [CrossRef]

	



Rivas-Perez, R.; Feliu-Batlle, V.; Sánchez Rodríguez, L.; Castillo Garcia, F.J.; Linares Sáez, A. Desarrollo de una nueva familia de controladores de orden fraccionario (FOC) para el control robusto de procesos productivos con comportamientos dinámicos difíciles e inciertos. Anales de la Academia de Ciencias de Cuba 2018, 8, 1–11. [Google Scholar]

	



Batlle, V.F.; Pérez, R.R.; Rodriguez, L.S.; García, F.C.; Saez, A.L. Robust fractional order PI controller for a main irrigation canal pool. IFAC Proc. Vol. 2008, 41, 15535–15540. [Google Scholar] [CrossRef]








[image: Applsci 09 02932 g001 550]





Figure 1. Pilot-scale reverse osmosis (RO) desalination plant of the Pontifical Catholic University of Peru. 
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Figure 2. Schematic representation of the pilot-scale seawater RO desalination plant under study. 
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Figure 3. Validation results of the mathematical model obtained, where: (a) G11s; (b)  G12s; (c) G21s; (d) G22s. 
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Figure 4. Block diagram of the designed Expert Model Predictive Controller. 
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Figure 5. Architecture of the Expert System. 
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Figure 6. Real-time closed-loop responses of the control system with the designed expert model predictive controller (Expert MPC) to simultaneous steps changes at the setpoints of the critical variables, in the PanelView 1500 of the pilot-scale plant. 






Figure 6. Real-time closed-loop responses of the control system with the designed expert model predictive controller (Expert MPC) to simultaneous steps changes at the setpoints of the critical variables, in the PanelView 1500 of the pilot-scale plant.



[image: Applsci 09 02932 g006]







[image: Applsci 09 02932 g007 550]





Figure 7. Enlargement of the results exhibited in Figure 6, where: (a) Permeate flowrate response; (b) Permeate conductivity response. 
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Figure 8. The control signals of the designed Expert MPC in the first test scenario, where: (a) High feed pressure control signal; (b) Brine flowrate control signal. 
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Figure 9. Comparative evaluation of the real-time closed-loop responses of the pilot-scale plant control system with the designed EMPC and model predictive controller (MPC) to simultaneous steps changes at the setpoints of the critical variables, where: (a) Permeate flowrate responses; (b) Permeate conductivity responses. 
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Figure 10. The control signals of the designed Expert MPC y MPC in the second test scenario, where: (a) High feed pressure control signals; (b) Brine flowrate control signals. 
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Table 1. Performance indexes of the designed controllers.
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	Control System
	ts (s)
	Mp (%)
	IAE
	TV





	First test scenario

Expert MPC

Permeate flow rate

Permeate conductivity
	-

-

125

115
	-

-

0

12.5
	-

-

876.4

861.2
	-

-

30.1

24.6



	Second test scenario

Expert MPC

Permeate flow rate

Permeate conductivity

MPC

Permeate flow rate

Permeate conductivity
	-

-

135

120

-

135

120
	-

-

0

14.1

-

0

14.1
	-

-

896.1

873.3

-

1384.3

1192.4
	-

-

32.1

25.8

-

40.6

33.4
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