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ABSTRACT 

Reverse osmosis modeling and simulation is essential in the design of a seawater reverse osmosis desalination plant. Proper 

procedures will result in designs that will help engineers and designers to come up with optimized plants. This article gives  

modeling, simulation and optimization of the V & A desalination plant located in Cape Town, South Africa. Mathematical 

modeling was assumed to be following the basic principles and equations of mass and transport theory. Simulation and 

optimization were accomplished using Water Application Value Engine simulation software. The optimization results 

showed a 7.3 % improvement in specific energy consumption (SEC) and about 18 % improvement in permeate productivity 

using the same membranes, recovery rate and feed total dissolved solids.  
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1. INTRODUCTION 

Potable water scarcity is proving to be a global problem as the number of people with inadequate supply of fresh 

water keeps on increasing. South Africa is also faced with this problem. The drought in 2018 was the worst 

recorded in the country, and the city of Cape Town is now exploring alternative sources of potable water supply and 

water management systems (Enqvist & Ziervogel, 2019). One of the alternatives is desalination of brackish and 

seawater, particularly by means of seawater reverse osmosis (SWRO) desalination. RO has taken leadership in the 

desalination market (Lappalainen et al., 2017). At least 60 % of the world’s total installed desalination plants are 

RO operated (Ahmed et al., 2019). RO plant performance is sensitive to input parameters such as feed water quality 

and operating conditions (Oh et al., 2009). Energy consumption is one of the most important parameters that is still 

relatively high in the RO desalination process and this needs to be minimized. Optimization of the plants that are in 

operation is one of the ways that will help in minimizing the SEC, at the same time optimizing the desalination 

system. This paper seeks to develop a software-based model for simulation and optimization with respect to the 

already operational plant. 

2. MODELING OF THE PLANT 

Modeling is a procedure in which mathematical equations are used to describe real-life problems so as to solve 

these problems more easily (Ahmed et al., 2019). RO modeling, if done properly, will result in fewer experiments 

needing to be undertaken, thereby reducing time and costs associated with desalination (Ang & Mohammad, 2015). 

Several modeling techniques are applied to come up with mathematical relationships between the different 

parameters. Membrane modeling software is often used to estimate the performance of the system but is limited to 

membranes that are designed by a specific company. Coupling of different software or membrane manufacturers is 
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not possible yet (Altaee, 2012). Modeling of the RO plant in this study follows the following assumptions: 

 The pressure drop is neglected along the membrane channel. 

 Spiral wound elements are treated as flat.  

 The concentration of feed linearly varies along the feed channel (Sassi & Mujtaba, 2010). 

This section assumes that the plant follows the modeling equations that are listed in the equations below. In the 

solution diffusion model, permeate flow rate, Qw, is calculated using Eq. 1: 

𝑄𝑤 = 𝐴(∆𝑃 − ∆𝜋) (Eq. 1) 

Where ∆P is feed and permeate pressure difference and ∆π is osmotic pressure (Ahmed et al., 2019; Kim, Oh et 

al., 2009; Oh et al., 2009). 

Osmotic pressure, ∆π equation is given by Eq. 2: 

∆𝜋 = 𝑛𝑖𝐶𝑅𝑔𝑇 (Eq. 2) 

Where ni, Rg and T represent number of moles of species, universal gas constant 0.082 kg.m2/h2.K and feed 

temperature respectively.  

The recovery ratio, K, is given by Eq. 3: 

𝐾 =
𝑄𝑝

𝑄𝑓

 (Eq. 3) 

Where Qp is permeate flow and Qf is feed flow. The recovery ratio tends to decrease with an increase in feed total 

dissolved solids (TDS) at a given temperature (Nisan et al., 2005).  

The temperature correlation factor (TCF) for a given RO plant is calculated by Eq. 4: 

𝑇𝐶𝐹 = 𝑒[
𝐸𝑚

𝑅
(

1

273+𝑇
−

1

298
)] (Eq. 4) 

Where Em is membrane activation energy, R is gas constant and T is temperature (Atab et al., 2016). 

The theoretical calculations of SEC and permeate flux (Jv) are given by Eq. 5 and Eq. 6 respectively (Assad et al., 

2020): 

𝑆𝐸𝐶 =
𝐸𝑏𝑝 + 𝐸ℎ𝑝 + 𝐸𝑠𝑝

𝑄𝑝

 (Eq. 5) 

𝐽𝑣 =
𝑄𝑝

𝐴
 (Eq. 6) 

Where: Ebp, Ehp and Esp are energies consumed by the booster pump, high pressure pump and supply pump 

respectively, and Qp and A represent the permeate water flow rate and area of membrane respectively.  

Salt rejection, Rs, and total mass balance, QfCf are calculated respectively by Eq. 7 and Eq. 8. Permeate water flow 

rate is calculated by Eq. 9 and Eq. 10: 

𝑅𝑠 = 1 −
𝑇𝐷𝑆𝑝

𝑇𝐷𝑆𝑓
 (Eq. 7)  
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𝑄𝑓𝐶𝑓 = 𝑄𝑝𝐶𝑝 − 𝑄𝑟𝐶𝑟 (Eq. 8) 

𝑄𝑝 = 𝑄𝑓 − 𝑄𝑟 (Eq. 9) 

𝑄𝑝 = 𝑛𝑖𝑊 ∫ 𝐽𝑣𝑑𝑧
𝐿

0

 (Eq. 10) 

Where Cf, Cp and Cr are feed, permeate and reject salts mass concentrations respectively, Qr is reject water flow 

rate and ni, L and W represent number of leaves, length and width of the RO module.  

Accordingly, solvent flux, Jv, and solute flux, Js follow the following expressions: 

𝐽𝑣 = 𝐴𝑤(𝑃𝑓 − 𝑃𝑑 − 𝑃𝑝 − ∆𝜋) (Eq. 11) 

𝐽𝑠 = 𝐵𝑆(𝐶𝑚 − 𝐶𝑏) (Eq. 12) 

Where Aw represents the solvent transport parameter, Pf, Pd and Pp represent feed pressure, pressure drop along 

the membrane and permeate pressure (Ang & Mohammad, 2015; Jiang et al., 2014; Swartz et al., 2006).  

Impermeable salt accumulation on membrane surfaces leads to concentration polarization, ϕ, given by Eq. 13: 

∅ =
𝐶𝑚 − 𝐶𝑝

𝐶𝑏 − 𝐶𝑝

= 𝑒
𝐽𝑣
𝑘  (Eq. 13) 

Where Cb is bulk solution solute concentration and k is the mass transfer concentration (Lee et al., 2010). 

Normalized Temperature, TMP*: 

𝑇𝑀𝑃∗ = 𝑇𝐶𝐹 ∗ 𝑇𝑀𝑃 (Eq. 14) 

Temperature correction factor (TCF) is a factor that takes into cognisance the effect of the temperature (Gilabert 

Oriol et al., 2013). 

Specific energy consumption (SEC) of the plant is calculated using Eq. 15 and Eq. 16 respectively: 

𝑆𝐸𝐶 =
𝑊𝑝𝑢𝑚𝑝

𝑄𝑝

 (Eq. 15) 

𝑊𝑝𝑢𝑚𝑝 =
∆𝑃 ∗ 𝑄𝑓

𝜂𝑝𝑢𝑚𝑝

 (Eq. 16) 

Where Wpump is the work done by the pump and ηpump is the pump efficiency (Zarai et al., 2013). 

3. SIMULATION 

In the following section, the above modeling equations are applied to the simulations performed. Simulation was 

conducted on the data using DuPont powered Water Application Value Engine (WAVE) software, modeling software for 

water treatment plant design. WAVE is a fully integrated modeling software that integrates three main leading water 

treatment technologies. These include reverse osmosis (RO), ultrafiltration (UF) and ion exchange (IU) (DuPont, 2021). 

The software combines the previous software features of reverse osmosis system analysis (ROSA), offering improved and 

consistent algorithms, improved mass balance and flow resulting from temperature changes, water characteristics and 

water compressibility and sharing of designs is also possible (Edina, 2017).  
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Simulations for the 100-10 train were carried out. Most of the variables were extracted from experimental values 

and some of the values were assumed before performing the simulations. One of the parameters assumed was the permeate 

water flow, Qpermeate. The assumption was that all three trains produce equal amounts of permeate water, therefore the total 

permeate flow rate of 1 367 m3/d was divided into three equal parts, resulting in each train producing approximately 460 

m3/d or 20 m3/h. DOW SW30 ULE 440i membranes are now obsolete therefore all the membranes were assumed to be 

DOW SW30 XLE 440i. Table 1 shows experimental values and assumptions made on the plant. 

Table 1: Assumed and Experimentally Extracted Values for Different Parameters 

Parameter Assumed Value Experimental Value 

Qfeed [m3/d (m3/h)] 460 (20)  

Qpermeate [m3/d (m3/h)] 1480 (62)  

Average temperature, (T/ ℃) 14.5  

Average pH 7.2  

Average pressure (P/ bars) 55  

Recovery (%)  31 

Feed TDS (mg/l)  33728 

DOW SW30 XLE 440i 7 membranes  

DOW SW30 ULE 440i  (Obsolete) 

No. of vessels  6 

 

Table 2: Simulated Results of the V & A Desalination Plant 

Parameter V & A Desalination Plant Simulated Value Error (%) 

Permeate flow (m3/h) 19 20 5 

Feed TDS (mg/l) 33 728.88 33 619 0.3 

Permeate TDS (mg/l) 399.79 104 73 

Feed pressure (bars) 55 46.7 15 

Energy consumption (kW/h) 6.58 5.68 13.7 

Peak power (kW) 125 113.5 9.2 

Recovery (%) 31 31 0 

Rejection (%) 98.81 99.69 0.9 

 

The schematic diagram and the description of variables of the simulated results are shown in Figure 1. and Table 

3 respectively. Stage 1 shows the raw feed water inlet and stage 2 shows the pressurized feed water to the RO vessels. 

Stages 3, 4 and 5 indicate concentrate water. Some of the concentrate is recycled back to feed water (stage 3) whilst some 

of the concentrate is discarded as waste (Stage 5). Stage 6 shows the permeate (potable water). At every stage of the 

simulation, TDS and pressures are recorded. Feed pressure is recorded as 46.4 bar (stage 2) compared to the experimental 

value of 55 bar.  

 
Figure 1: Schematic Diagram of the Simulated Design. 
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Table 3: Description of Different Stages of Simulation and their Corresponding Values 

 
 

A summary of the simulation results system overview and flow table is shown in Tables 4 and 5 respectively. 

These results show several deviations to the values extracted from the actual plant. Ideal SEC was recorded as 5.6 kWh/m3, 

while the actual SEC of the plant is 6.58 kW/h, a higher value. An average flux of 11.6 LMH and permeate TDS of 117.8 

mg/l was recorded. 

Table 4: RO System Overview 

 
 

Table 5: RO Flow Table 

 
 

A detailed report on the simulation is provided in Appendix A. This includes the behavior of each RO element 

(membrane) during the operation, several solute concentrations, electricity costs, utility and specific water costs. 
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The following section is dedicated to graphs that were obtained from the WAVE simulation project (Figure. 2 to 

Figure 6).  

 
Figure 2: pH vs Permeate TDS Graph Figure 3: Permeate TDS as a Function of Feed Pressure. 

 

 
Figure 4: Feed Temperature and Permeate TDS Relationship Figure 5: Simulated vs Experimental Values of 

Feed Temperature vs Permeate TDS. 

 

 
Figure 6: Simulated vs Experimental Values of Feed Pressure vs Permeate TDS. 

 

4. OPTIMIZATION 

Optimization is a procedure undertaken to come up with the best possible solution to a problem by using different 

alternatives (Ahmed et al., 2019). Some of the optimization techniques include the genetic algorithm (GA) technique 
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(Poullikkas, 2001; Murthy & Vengal, 2006; Djebedjian et al., 2008), artificial neural network (ANN) based modeling 

(established by Libotean et al., 2009). Optimization of the energy consumption is one of the key parameters as energy 

consumption accounts for 50 % to 60 % of total costs (Ahmed et al., 2019). Parameters like feed pressure and operational 

temperature as well as membrane properties affect the performance of RO process (Jiang et al., 2014). 

Djebedjian et al. (2008) state that for optimization, the single objective to be maximized, Z, and the constraint 

used in the RO system, Cp, are given by Eq. 17 and Eq. 18 respectively: 

𝑍 = 𝑄𝑤  (𝐸𝑞. 17) 

𝐶𝑝 ≤ 𝐶𝑝,𝑑𝑖
 (𝐸𝑞. 18) 

If external penalty is used in the conversion of constrained problem to an unconstrained problem, then Z is given 

by Eq. 19: 

𝑍 = 𝑄𝑤 − 𝑃𝑒𝑛 (𝐸𝑞. 19) 

Where Pen is the penalty subtracted from the objective function and is given by Eq. 20: 

𝑃𝑒𝑛 = 𝐶𝑝𝑒𝑛 (
𝐶𝑝

𝐶𝑝,𝑑

− 1) (𝐸𝑞. 20) 

Where Cpen represents the penalty function constant (can be as big as 100 000). 

From the above equations, objective fuction, Z, is expressed by Eq. 21: 

𝑍 = {

𝑄𝑤  𝑖𝑓 𝐶𝑝 ≤ 𝐶𝑝,𝑑

𝑄𝑤 − 𝐶𝑝𝑒𝑛 ∗ (
𝐶𝑝

𝐶𝑝,𝑑

− 1)  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (𝐸𝑞. 21) 

Sassi and Mujtaba (2011) stated that optimization strategy considering module design and operating parameters is 

given by the following method: 

Given: Membrane properties and specifications and feed water characteristics (conditions), 

Optimize: The optimal feed flow, feed pressure and design decisions, 

So as to minimize: Specific energy consumption, 

And maximize: Permeate flow, 

Subject to: Equality and inequality constraints. 

Optimization was conducted using the WAVE modeling and optimization software. Optimization of the V & A 

desalination plant was performed so as to come up with the best combination of variables. The plant was operating at 

around 68 % of the design capacity, (1 367 m3/d instead of the design capacity of 2 000 m3/d). Optimization of the 100-10 

train resulted in an increase of the operating capacity to around 86 % capacity, using the same equipment with the same 

recovery rate of 31 %. Specific energy was improved from 6.58 kWh/m3 to around 6.1 kWh/m3, an improvement of around 

7.3 %. 

The schematic diagram in Figure 1 applies to the optimization of the plant. Feed flow rate was increased to 83.2 

m3/h resulting in a permeate flow rate of 24 m3/h at a pressure of 50.5 bars compared to the current permeate flow of 
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around 19 m3/h at 55 bars. Although most of the parameters showed positive changes, specific water costs increased 

slightly, by 2 %. The summary of input and output parameters is shown in Table 6 and Table 7. Table 6 shows the RO 

optimization system overview, a set of input parameters, and expected output values. Table 7 depicts the RO optimization 

flow figures. Appendix B shows a detailed optimization report of the 100-10 plant. 

Table 6: RO Optimization System Overview 

 
 

Table 7: RO Optimization Flow Table 

 
 

The following graphs are the optimization graphs of permeate TDS against feed temperature, feed pressure and 

feed pH. The graph of permeate TDS and feed temperature (Figure 7) shows a general increase in permeate TDS as 

temperature increases, while the graph of feed pressure and permeate TDS (Figure. 8) shows a decrease in salt content with 

respect to an increase in pressure. An increase in pH resulted in a decrease in permeate TDS as shown in Figure. 9. 

 
Figure 7: Permeate TDS as a Function of Feed Temperature.  Figure 8: Feed Pressure and Permeate TDS 

Relationship. 
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Figure 9: Feed pH Against Permeate TDS Graph. 

 

5. DISCUSSIONS 

The main objective of optimization is the minimization of energy consumption of the plant, without compromising the 

quality of the permeate water. To achieve the theoretical SEC is not possible due to concentration polarization, hydraulic 

resistance and membrane fouling (Gude, 2011). Optimization of the V & A desalination plant using WAVE software 

resulted in a decrease of about 13.7 % compared to the experimental value. This decrease in SEC will lead to a reduction in 

total costs of the plant. The optimization graph on Figure. 7 shows that an increase in temperature resulted in an increase in 

permeate TDS. This means that a decrease in temperature will result in improved permeate water quality. This is in 

agreement with Guler et al. (2010) who stated that a decrease in temperature enhances the quality of permeate water. 

According to Koutsou et al. (2020) increasing temperature of high saline water negatively impacts the salt rejection 

capabilities of the membranes, hence optimization studies have to be considered. Membrane performance generally 

decreases with an increase in temperature, thereby increasing the permeate TDS with respect to temperature increase (Kim, 

Lee et al., 2009; Kim et al., 2020; Kim et al., 1919). This increase in permeate TDS is due to an increase in the viscosity of 

the water (Kim, Lee et al., 2009) and the expansion of the membrane pores (Atab et al., 2018). Khalifa et al. (2017) are in 

agreement with the theory that an increase in temperature increases permeate flux resulting in high permeability of 

membranes and an increase in permeate TDS.  

In recent years, high permeate water quality has been expected to be produced from SWRO desalination plants. 

Permeate water with TDS as low as 200 mg/l or less after re-mineralization is the expected quality (Kim et al., 2020). 

Optimization of the V & A plant resulted in a permeate TDS of around 82 mg/l (Table 6 and Table 7), which is very 

desirable. On the other hand, an increase in temperature results in a reduction in SEC and an increase in recovery ratio 

(Atab et al., 2018). 

Figure 8 shows that feed pressure is directly proportional to the quality of product water. This means that as feed 

pressure increases, permeate TDS generally decreases, leading to improved quality of water produced. This is in agreement 

with Lee et al., (2015) and Du et al. (2020) who stated that an increase in feed pressure increases permeate flux and salt 

rejection while at the same time reducing SEC. Gandhidasan and Al-Mojel (2009) also agree that an exponential decrease 

in permeate TDS was recorded when input pressure was increased. Gude (2011) concluded that pressure increase has a 

positive impact on several parameters like salt rejection, recovery ratio and energy consumption. 

The results in Figure. 9 show that a slight increase in pH led to a decrease in permeate TDS. The product quality 

improved dramatically with a slight increase in pH. Vaseghi et al. (2016) are in agreement with this phenomenon as they 
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state that pH varies inversely proportional to permeate TDS, where lower ion concentration is achieved when pH increases. 

However, an increase in feed pH resulted in an increase in permeate TDS for low flow rates, as is recorded by Alahmad 

(2010). Su et al. reiterate that pH variations generally have no effect on permeate TDS, because with an increase in pH 

cation rejection decreases while anion rejection increases (Su et al., 2017). Park and Kwon (2018) state that variations in 

pH have not yet been well understood; salt passage and permeate flux is higher in low and high pH due to membrane 

swelling. 

6. CONCLUSIONS 

WAVE simulation and optimization resulted in the theoretical improvement of the plant. Increasing the feed flow rate to 

about 24 m3/h on the train resulted in 86 % production capacity, an increase of about 18 % towards achieving the design 

capacity of the plant. This was necessitated without changing the membranes or recovery ratio of the plant. SEC 

optimization, which is the chief objective of optimization, also resulted in a 7.3 % improvement in energy consumption, a 

reduction of about 0.48 kWh/m3. Feed pressure of the system was also reduced to 50.5 bar from an average of about 55 bar 

in operation in the plant previously. Reduction in feed pressure led to a reduction in SEC, also leading to a reduction in 

total running costs of the plant (Appendix B), as compared to the simulated total running costs (Appendix A). 
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Appendix B: Detailed Optimization Report of the 100-10 Train 
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