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Abstract: The productivity of the capacitive deionization (CDI) system is enhanced by determining
the optimum operational and structural parameters using radial movement optimization (RMO)
algorithm. Six different parameters, i.e., pool water concentration, freshwater recovery, salt ion
adsorption, lowest concentration point, volumetric (based on the volume of deionized water),
and gravimetric (based on salt removed) energy consumptions are used to evaluate the performance
of the CDI process. During the optimization process, the decision variables are represented by the
applied voltage, capacitance, flow rate, spacer volume, and cell volume. Two different optimization
techniques are considered: single-objective and multi-objective functions. The obtained results
by RMO optimizer are compared with those obtained using a genetic algorithm (GA). The results
demonstrated that the RMO optimization technique is useful in exploring all possibilities and finding
the optimum conditions for operating the CDI unit in a faster and accurate method.

Keywords: desalination; capacitive deionization; performance improvement; modern optimization

1. Introduction

Despite the fact that water represents more than two-third of the earth, less than 1% is suitable
for industrial and domestic usage [1]. The saline water represents 97% of the total water sources [2].
Therefore, water desalination is considered the best choice to secure the needs of humanity [3,4].
State-of-the-art water desalination techniques incur high energy cost, as well as high environmental
impacts which are the main challenge [5,6]. Different strategies have been used like harnessing
renewable energy sources [7–9], increasing efficiency of the existing methods [10,11], and devising
new methods [12]. Capacitive deionization (CDI) is a newly developed water desalination technology
for purification of river/brackish water based on electrochemical phenomena [13–16]. CDI has
several advantages on other desalination techniques for its simple operation and low specific energy
consumption. The salt is removed from brackish water using low voltage (~1 V), and it does not
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require high-pressure pumps (as in the case of the reverse osmosis (RO)) or heat source (as in the
case of multi-stage flash distillation (MSF) and multiple-effect distillation (MED)). Therefore, it is an
energy-efficient technology for low salinity waters. Moreover, CDI has low operational costs, thanks
to its flexibility to be operated with electricity from renewable energy sources, such as solar energy,
during charging. The energy recovery of up to 80% is possible during its discharge process [17,18],
and under controlled conditions can be even 100% [19]. Keeping these advantages in view, CDI is
considered as an emerging and promising technology. It is near to commercialization with several pilot
plants under testing phase; some of them being operated with solar energy [20]. The working principle
of the CDI is similar to that of a supercapacitor that involves the formation of an electrical double layer
on the porous electrode as a result of applying electrical surface potential [21]. Different methods have
been carried out to increase the performance of CDI, like; preparing carbon materials with high surface
area and superior electrical conductivity [22,23], introducing electrode membranes [24], varying the
operating conditions such as applied voltage, spacer volume, feed flow rate, electrode capacitance,
and cell volume [25–27], and innovating the cell architectures [26]. Experimental evaluation of the CDI
process is limited due to the constraints of time and resources. Mathematical models offer an effective
alternative to describe and simulate the physical process, and optimize it before prototyping [28,29].
However, assumptions are made in electrical, chemical, and physical parameters to make the model
solvable and hence results in decreasing the accuracy of its prediction of actual phenomena. Artificial
Neural Network (ANNs) is considered as an effective method for high accuracy modeling of the
processes using the available experimental data [30,31]. As stated previously, the optimization of
these models is one of the effective methods that can be used to maximize the productivity of different
processes with minimum time and resources [32].

Modern optimization has been used in different engineering applications, such as precision
machining [33–35], tracking global maximum power of solar photovoltaics [36,37], biodiesel [38],
and nanofluids [39]. In desalination, different optimization methods have been tested to identify
the optimum design and operational parameters. For instance, Cheng et al. used the response
surface methodology and desirability function approach for modeling and optimizing the vacuum
membrane distillation. They demonstrated that the inlet feed temperature and its interaction
with module parameters are cardinal to its performance. The process optimization resulted in
simultaneous improvement in the thermal efficiency and water productivity of the system. Using the
Genetic Algor43ithm, thermodynamic and economic optimization of utility steam network integrated
multi-effect desalination system demonstrated a significant reduction in the period of return (from
1.03 to 0.22 years) and twice the water productivity (from 10.431 to 20.149 kg/s) [40]. Furthermore,
a genetic algorithm was also used to optimize the economic and thermodynamic performance of solid
oxide fuel cell/gas turbine (SOFC/GT) with and without integrated to a steam turbine (ST) (for power
generation) or MED (for freshwater production). The optimization process revealed the improvement
of the process in terms of the period of return by 9.88%, 6.78%, and 31.86% in the case of SOFC/GT,
SOFC/GT-ST, and SOFC/GT-MED, respectively [41].

Meta-heuristic (evolutional) optimization algorithms are already being utilized to determine
the best operating conditions of desalination systems. For instance, radial movement optimization
(RMO) is used to identify the best operating conditions of the adsorption desalination cooling system
driven by solar energy. Best operating conditions are identified for a solar-driven silica gel based
adsorption desalination cooling system [9]. The optimization process demonstrated a 70% increase in
water production and cooling effect. Similarly, multi-objective genetic algorithm (GA) optimization
demonstrated a decrease of the product and environmental impact costs by 13.4% and 53.4%, when
applied on an MSF desalination unit integrated with a gas turbine [42].

Similarly, in our previous study, the performance of the CDI system was evaluated against
operational and structural parameters [43]. Based on the performance evaluation results, the genetic
algorithm (GA) was adopted to improve the performance of CDI. Two types of optimization techniques
were recommended based on the CDI desalination requirements: single objective optimization for
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single cost functions and multi-objective optimization for multiple cost functions, both subjected
to multiple constrained variables [43]. Through this GA optimization, the performance of the CDI
desalination process was improved from 15% to 92% with single objective optimization and from 1% to
75% with multi-objective optimization. The objective (cost) functions consisted of lowest concentration,
pool water concentration, salt ion adsorption, freshwater recovery, energy consumption per liter,
and energy consumption per gram. However, some limitations had been experienced with GA, such
as in all the cases of multi-objective optimization, the optimized solution had to be manually selected
from the Pareto optimal front. This was a major shortcoming in terms of objective-based optimization
to find a feasible solution according to our required goals. To overcome this drawback, RMO is utilized
in this manuscript to obtain the optimal solution set automatically. The same mathematical model and
cost functions, as used in our previous paper [43], are adopted and optimized through RMO method.
The results obtained are compared with the result of GA optimization of the previous paper.

2. Mathematical Model of Capacitive Deionization

The CDI cell operation is a dynamic phenomenon: the effluent concentration changes from
maximum to minimum and repeats itself in cyclic manner. There are two developed modes of
operation i.e., Constant Voltage (CV) [44] and Constant Current (CC) [45], and a novel hybrid CV-CC
mode [46]. Biesheuvel et al. [47] demonstrated a well matching between the Gouy-Chapman-Stern
(GCS) model for CDI that describes the charge and ions adsorption capacity with current and the
effluent ion concentrations measured experimentally.

CV process was developed at the first stage, because it is the basic mode of capacitor operation,
and later on the CC process was developed. Afterwards, based on CV and CC processes, Hybrid
CV-CC process was developed, according to the water purification requirements. Therefore, in this
paper and in our previous paper, CV process was considered as a base process for the performance
evaluation and optimization. In a complete cycle of CDI, there are two processes: adsorption and
desorption [44].

Adsorption process provides deionized water stream at outlet by absorbing the salt ions from the
inlet water stream and storing them in electrically polarized porous electrodes. The effluent purified
water stream concentration with respect to the cycle time during the adsorption of the CV process is
measured by [44].

Cad(t) = Cin −
µ

Vs
(e−αt

− e−βt) (1)

where µ =
εCVad

zF (1− e−
Vs
φRC ),α = 1

RC , β = 1
RC +

φ
Vc

, and all other parameters used are reported in Table 1.
The effluent concentration (Cad) given by this equation is time dependent and changes from maximum
to minimum, until, no more ions can be adsorbed. The model works by subtracting the absorbed
salt from the influent concentration. Furthermore, as the above equation indicates, number of ions
adsorbed and thus the effluent concentration varies with the capacitance (C) of the cell. After voltage
is applied across the cell, and the charges begin to store in the porous electrodes, they attract the ions
from the feed solution. When no more ions can be stored, the effluent concentration starts increasing,
and ultimately becomes equal to influent concentration. Now the electrodes are said to be saturated.

Therefore, to further purify the inlet water, electrodes are regenerated. The regeneration of
electrodes is known as the desorption process. During this process, the applied voltage is reversed or
zero, due to which, the adsorbed ions are desorbed. The effluent concentration stream with respect to
the cycle time during the desorption process of CDI for the CV process can be measured [44] by:

Cdes(t) = Cin −
µd

Vs
(ρ1e−βt

− ρ2e−αt) (2)

where µd =
1.3εC(Vcel−Vdes)

zF (1 − e−
Vs
φRC ),ρ1 = eβtad ,ρ2 = eαtad , Vcel is the CDI cell voltage at the time of

adsorption process completion Vcel = Vad

(
1− e−

tad
RC

)
and all other parameters used are reported in
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Table 1. As the electrodes are full with change and reverse or zero potential is applied, the already
stored charges start moving out of electrodes steadily. While there are no opposite charges to hold the
ions in electrodes, to ion starts flowing with the regenerative inlet stream, eventually, electrodes are
regenerated. During regeneration, effluent concentration during desorption (Cdes) varies with time
and has values greater than inlet concentration (Cin). The regeneration process is also function of
capacitance along with other parameters mentioned in Table 1.

Table 1. Parameters used for capacitive deionization (CDI) effluent calculation

Cad Concentration of the CDI effluent during adsorption process

Cdes Concentration of the CDI effluent during desorption process

Cin Water inlet stream concentration

C Capacitance of the electrodes

ε Charge efficiency (ratio of adsorbed salt ions in the electrodes/applied electric charge)

F Faraday’s constant

R Resistance of the cell

Vdes Desorption voltage that equals to a negative value or zero according to the desorption process

Vs Volume of the spacer

Vad Adsorption voltage

z Molar ionic valance of the feed (average)

φ Inlet flow rate

Vc Cell volume

tad Adsorption saturation time

Cpwc Pool water concentration

ti Initial time of the adsorption process

Sion Salt ions adsorption

3. Performance Criterion

The output of the CDI system can be measured with reference to the purified water concentration,
water recovery, salt ions adsorption, and specific energy consumption.

For the purified water concentration, the salt concentration in the effluent water for the complete
adsorption process is accumulated in separate tank. It measured for a specific duration of time
to get the average accumulated concentration of desalinated water, which is known as pool water
concentration [43]. Equation (3) represents the pool water concentration. It is time dependent, and other
operational parameters governing the pool water concentration (from Equation (3)) are inlet feed
concentration, spacer volume, capacitance, applied voltage, and flowrate.

Cpwc =
1

(tad − ti + 1)
×

 Cin(tad − ti) +
µ
αVs

(e−αtad − e−αti)

−
µ
βVs

(e−βtad − e−βti)

 (3)

Water recovery is another criterion used to evaluate the performance of the desalination system.
Water recovery is the ratio of water purified during the adsorption process to the total amount of
water supplied for the complete cycle (adsorption process + desorption process). However, in this
manuscript, the term freshwater recovered is used, which is the product of the inlet flow rate and the
adsorption time of the CDI cycle, given in Equation (4). This formulation of freshwater recovery is
specifically adopted in this manuscript for performance evaluation and optimization. This performance
metric is important to compare the same system by varying the input parameters. Further, this
equation provides an opportunity for optimization and results will be compared before and after
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optimization for the same system. However, in the general desalination process, water recovery is the
evaluation criterion.

Fresh Water Recovery = ∅ .tad (4)

The working principle of CDI is based on the adsorption of the salt ions into the porous electrodes to
produce deionized water as a product. Therefore, salt ions adsorption is also a performance evaluation
criterion for the CDI process. The following mathematical equation is derived in reference [43] to
measure the salt ions adsorption in the porous electrodes.

Sions = φ×Mw ×

∫ tad

tin

(Cin −Cad)dt, (5)

where Mw is the molecular weight of NaCl. Moreover, the salt absorption is a function of flowrate (∅),
and summation of effluent concentration within the time interval starting from initial time (tin) to end
of adsorption (tad).

Energy consumption is a basic criterion that is generally used to check the performance of an
electrically or mechanically powered systems. In this manuscript, the specific energy consumption of
the CDI system is evaluated and optimized. Specific energy consumption in terms of a liter of freshwater
recovered, and a gram of salt ions adsorbed is measured with Equations (6) and (7), respectively.

El =
C×V2

cel
2×φ× tch

(6)

Es =
C×V2

cel

2×Mw ×φ×
[ µ
βVs

(e−βtad − e−βti) −
µ
αVs

(e−αtad − e−αti)
] (7)

The operational dynamics and constraints of these equation are taken from [43,46]. Energy
consumed per liter gives the energy for a liter of water desalinated, and not the liter of water supplied
to the cell. Similarly, the energy consumed per gram gives the energy required to absorb a gram of salt
out of water stream.

Since the same mathematical model was used in our previous papers, and it is well verified
with the experimental data [43,46]. Therefore, it is not again experimentally assessed because in this
manuscript, our focus is performance evaluation and optimization.

4. Performance Evaluation

From Equations (2) to (6), one may see that the output of the CDI system depends on different
operational and structural parameters such as spacer volume, cell volume, applied voltage, capacitance,
and flow rate. Figures 1 and 2 evaluate the CDI performance for different operating parameters.

Figure 1 shows the impact of electrode capacitance and spacer volume on the performance of the
CDI cell with all other operating parameters are constant and the same as mentioned in references [43,47].
As evident in the figure, the increase of the electrode capacitance generally resulted in increasing
the cell performance in terms of decreased specific energy consumption (per liter or per gram of
salt), increased freshwater productivity, salt ion removal, and the minimum exit water concentration.
However, the increase in the spacer volume has a negative effect on all of these performance metrics.
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Figure 2. Impact of applied voltage and flow rate upon CDI performance. While other operating
parameters are constant; Capacitance: 200 F, Cell volume: 100 mL, feed concentration: 10 mM [47].

Figure 2 shows the effect of applied voltage and flow rate on the performance of the CDI cell. As
is obvious from the figure, increasing the applied voltage has a positive effect on the CDI performance
in terms of decreasing the exit water concentration during the adsorption process, increasing the
freshwater productivity, and increasing salt ion removal. While, at the same time, increasing the applied
voltage negatively affects the CDI’s performance with the increase in the specific energy consumption.
On the other hand, the increase of the feed flow rate has a positive effect in terms of decreasing the
specific energy consumption and increasing both freshwater production and salt ion removal, while it
has an adverse effect in terms of lowest concentration and pool water concentration. This compliance
with the fact, that with the increase of flow rate, the resident time of the salt ions in the CDI cell reduced
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which results in the pass of ions through the cell without adsorbing and produced a high concentration
effluent. This also increased the overall concentration of the accumulated produced water.

5. Performance Optimization

Variation of the performance with the change of input operating variables, as shown
in Figures 1 and 2, urges the need of optimization to decide the best-operating conditions at which
the improved CDI performance could be achieved. Although we have done the optimization of such
variables in our previous study using GA [43], however, the followings discrepancies were encountered.

1. The optimization solution was extracted manually from the Pareto optimal front in the case of
multi-objective optimization.

2. The goal-based solution was not possible to determine directly. Instead, the solution was sorted
manually based on our requirements from the optimal solution set obtained through GA optimization.

Therefore, radial movement optimization (RMO) is utilized in this manuscript to rectify the
deficiencies reported above. RMO belongs to the class of metaheuristic algorithms as GA, but it uses
the concept of memory, which is important to the algorithm. In RMO, the update of the next particle’s
position is based on the knowledge of the past particle’s position, which is different from GA that uses
genetic operators like crossover and mutation for updating the position. It escapes from falling in
local optima and robustly discovers the global optimum. The mathematical representation of RMO is
explained in detail in [48–50].

The governing relations of the CDI performance are utilized as the objective functions for the
optimization and shown in Table 2.

Table 2. Performance equations and corresponding objective functions for the optimization through
radial movement optimization (RMO).

Performance Equations Units Objective Functions

Lowest concentration point (mM) Y1
Pool water concentration (ppm) Y2

Salt ion adsorption (g) Y3
Energy consumption per gram (J/g) Y4
Energy consumption per liter (J/L) Y5

Freshwater recovery (L) Y6

The performance functions utilized here are based on the following:
Lowest concentration point:

The lowest concentration point is specific only for CV process of CDI, which defines the maximum
absorption of salt ions at that particular time.
Pool water concentration:

It is a performance indicator that can be used for desalination where the effluent purified
concentration is not constant and varies with time, such as in CDI desalination system.
Salt ion adsorption:

Salt adsorption is general performance measures used for CDI to indicate how many salt ions are
adsorbed in a specific cycle.
Specific energy consumption:

Specific energy consumption in terms of gram is utilized for CDI to calculate energy consumption
for one gram of salt ion removal. This energy consumption indicator is a very important criteria to
evaluate and optimize the performance of the CDI system.

Similarly, energy consumption per liter is the type of specific energy consumption performance
indicator which can be used to compare the different desalination technologies (such as RO, CDI, FO,
and MD) in terms of energy required to obtain one liter of freshwater.
Freshwater recovery:
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The freshwater production criterion is somehow similar to the water recovery performance
indicator. It is specifically used here to check the CDI performance before and after optimization, to
indicate how much freshwater production in terms of liter will be increased after the optimization.

RMO is used to optimize the CDI performance under different five constrained operating
parameters, i.e., spacer volume, capacitance, applied voltage, flow rate, and cell volume, as shown in
Table 3. The constraints are based on system limitations and very well reported in ref. [43]. As stated
earlier, this is an extension of previously published work [43]; therefore, the same input parameters are
used as in previous paper to make a comparison between RMO and GA optimization.

Table 3. Lower and upper bounds of the CDI operating parameters used during optimization, already
reported in [43].

Operating Parameter Decision
Variables

Lower
Limit

Upper
Limit

Spacer volume L x1 0.05 0.15
Capacitance F x2 50 250

Applied voltage V x3 0.4 1.6
Flow rate mL/min x4 30 100

Cell volume L x5 0.08 0.18

Two types of optimization are adopted in this manuscript to improve the performance of the CDI
process: single objective and multi-objective. In single-objective optimization, each single-objective was
optimized individually using the five operating parameters as decision variables, mentioned in Table 2.
Hence, specific performance was optimized regardless of the other performance criteria. Furthermore,
simultaneous optimization of all the performance functions was obtained using the multi-objective
optimization where an acceptable solution that satisfies all the objective functions was generated.
According to the number of constraints applied, there are single-constrained multi-objective function
(SCMOF) optimization and multi-constrained multi-objective functions (MCMOF) optimization.
In SCMOF, only a single decision variable is used for optimizing all the objective functions, and all
other variables are kept constant. While, in MCMOF optimization, several decision variables are used
for optimizing the objective functions. In general, SCMOF is used when only one operating parameters
are allowed to change for enhancing the system performance, while MCMOF is used when more than
one operating parameters are allowed to change for optimizing the performance of the system. In the
current study, single-objective optimization and multi-objective optimization techniques both using
multiple constraints are applied for optimizing the CDI performance. The mathematical expression of a
single objective and multi-objective optimization is as follows. It can be observed in both mathematical
expressions that Y5 and Y6 both have only three decision variables as compared with other objective
functions. This is because the CDI cell performance function corresponding to the objective functions
Y5 and Y6 are not dependent on the spacer and cell volume.

Single and multi-objective optimization with multiple constraints:

Find X =


x1= Spacer volume (Vs)

x2= Capacitance (C)

x3= Applied voltage (Vad)

x4= Flow rate (φ)

x5= Cell volume (V c)
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To optimize the single objectives individualy
Y1 = Lowest concentration point
Y2 = Pool water concentration

Y3 = Salt ion adsorption
Y4 = Energy consumption per gram
Y5 = Energy consumption per liter

Y6 = Fresh water recovery
and

To optimize the Multi− objective

Y =



Y1 = Lowest concentration point
Y2 = Pool water concentration

Y3 = Salt ion adsorption
Y4 = Energy consumption per gram
Y5 = Energy consumption per liter

Y6 = Fresh water recovery

Subject to the constraints

0.05 L ≤ Vs ≤ 0.15 L
50 F ≤ C ≤ 250 F

0.4 V ≤ Vad ≤ 1.6 V
30 mL/min ≤ φ ≤ 100 mL/min

0.08 L ≤ Vc ≤ 0.18 L

where
Y1 = Function(x1, x2, x3, x4, x5)

Y2 = Function(x1, x2, x3, x4, x5)

Y3 = Function(x1, x2, x3, x4, x5)

Y4 = Function(x1, x2, x3, x4, x5)

Y5 = Function(x2, x3, x4)

Y6 = Function(x2, x3, x4)

6. Results and Discussion

The parameters of the RMO algorithm and their values are tabulated in Table 4.

Table 4. Parameters of the RMO optimizer and their values.

Parameter Value Parameter Value

K 5 Population size 3
C1 0.7 Number of iterations 25
C2 0.8

Figures 3–8 show the cost function variation and best values of decision variables during the
single objective optimization process, respectively, for specific energy consumption (per gram and liter),
freshwater recovered, lowest concentration point, pool water concentration, and salt ion adsorption.
The results demonstrated a decrease in the specific energy consumption during the optimization
process (Figures 3a and 4) that would be related to corresponding decision variables such as a decrease
of spacer volume (SV) in Figure 3b, increase of the capacitance (C) in Figure 3c, a decrease in the
applied voltage (AV) in Figure 3d, an increase in the feed flow rate (FR) in Figure 3e, and decrease
of the cell volume (CV) in Figure 3f. Additionally, the optimization process revealed an increase in
freshwater productivity (Figure 5), due to the increase of the capacitance and the flow rate with a
higher applied voltage. Figures 6 and 7 show a decrease in the lowest concentration point and pool
water concentration due to the increase of capacitance and applied voltage with the decrease of the
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spacer volume, cell volume, and flow rate. Figure 8 shows an increase in the salt ions removal due to
the increase of the capacitance and flow rate along with the decrease of spacer volume, cell volume,
and applied voltage.
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Figure 8. The cost function variation, best values of decision variables during the optimization process
of salt ion adsorption. C is the capacitance, CP is the center point, FR is the flow rate, SV is the spacer
volume, AV is the applied voltage, and CV is the cell volume.

Table 5 summarizes the results of the single objective-based optimization for multiple constrained
operating parameters. In this table, the optimized performance functions result obtained through RMO
are compared with the optimized result obtained through GA of our previous paper [43] and with the
performance values without optimization. It can be observed from the table that the improved result is
obtained through RMO as compared with the result obtained from the GA of Matlab. For instance,
compared to the results obtained using GA [43], specific energy consumption (J/g) decreased by
5.6%, freshwater productivity (L) increased by 25%, salt ion adsorption increased by 32%, pool water
concentration (ppm) decreased by 5.6%. The lowest concentration point (mM) decreased by 65%.

The simultaneous optimization of all of the parameters is shown in Figure 9. The optimization
results, in general, improve the process in terms of an increase of the capacitance, spacer volume,
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and flow rate along with the decrease of applied voltage and cell volume. Table 6 compared the
result of the optimized performance of CDI obtained from RMO with the result derived from Pareto
optimal solution set of GA for four different cases. The result of GA was taken from Table 6 of our
previous published paper [43]. In general, the results obtained by the RMO is better than the best
results obtained (case No.2) by the GA. Even the energy consumption per liter (Y5) and freshwater
recovered (Y6) were also optimized through multi-objective optimization in RMO, which was not
possible in GA multi-objective optimization because comparatively fewer decision variables are utilized
in Y5 and Y6. Moreover, another advantage of RMO is that the optimal parameters are generated
automatically, and there is no need for manual sorting that was done in the case of GA multi-objective
optimization [43]. Therefore, it can be stated that RMO is better to obtain the goal-based single
optimal solution.

The performance metrics used in this study are specified in the CV process of CDI. Therefore, this
was slightly different from Hawks et al. [51] who defined generalized performance metrics (productivity,
volume-averaged salt removal, volumetric energy consumption, and water recovery ratio) of CDI
system for comparison with other desalination technologies.

Although fuzzy modeling is an effective and accurate method that proved a success in several
applications, the main limitations of it that its accuracy depends on the accuracy and number of the
experimental trails done. Therefore, some variations can be found from one study to another. However,
fussy modeling is an acceptable and reliable modeling tool for most of the researchers which is clear
from the exponential growth in its application in different fields.
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Table 5. Results of the single objective based optimization for multiple constrained operating parameters.

Performance Parameter
Values Before
Optimization

Optimized by
GA [43]

Optimized by
RMO [present]

Optimal Operating Parameters

X1 (Spacer
Volume, L)

X2
(Capacitance, F)

X3 (Applied
Voltage, V)

X4 (Flow Rate,
mL/min)

X5 (Cell
Volume, L)

Lowest concentration point (mM) 5.96 2.5 0.873 0.05 250 1.6 0.0005 0.008
Pool water concentration (ppm) 503.63 427.05 402.17 0.05 250 1.6 0.0005 0.008

Salt ion adsorption (g) 0.081 0.144 0.19 0.05 250 1.6 0.0017 0.008
Energy consumption per gram (J/g) 1753 434.77 410.32 0.05 250 0.4 0.0017 0.008
Energy consumption per liter (J/L) 141.78 11.78 11.76 NA 240 0.4 0.0017 NA

Fresh water recovery (L) 1.002 1.77 2.212 NA 250 1.6 0.0017 NA

Table 6. Multi-constrained multi-objective functions (MCMOF) optimization, comparison of RMO with genetic algorithm (GA), and corresponding operating parameters.

Case
Optimal Operating Parameters Performance Parameters

X1 X2 X3 X4 X5
Y1

(mM)
Y2

(PPM)
Y3
(g)

Y4
(J/g)

Y5
(J/L)

Y6
(L)

1[GA] 50.51 187.76 1.60 30.32 80.28 0.0029 433.86 0.0758 3137.19 NA NA
2[GA] 50.95 185.63 0.40 99.95 80.37 0.0088 557.68 0.0321 444.30 NA NA
3[GA] 50.84 188.02 1.60 100.01 80.07 0.0051 504.24 0.1333 1787.81 NA NA
4[GA] 50.84 187.86 1.23 83.42 80.88 0.0059 511.26 0.0962 1453.19 NA NA

5[RMO] 50 250 0.4 100 80 0.0086 555.7 0.046 410.3 11.76 1.6
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7. Conclusions

Improving the performance of the capacitive deionization desalination (CDI) system was the
essential objective of this research. Using the experimental data, a mathematical model was proposed
and applied for the CDI system. RMO is used for optimizing the performance based on the different
operating and structural parameters of the CDI system, such as spacer volume, capacitance, applied
voltage, flow rate, and cell volume. The performance of the CDI system is evaluated through six different
parameters: lowest concentration point, pool water concentration, energy consumption per liter, energy
consumption per gram, salt ion adsorption, and freshwater recovery. Two different optimization
techniques were considered: single-objective and multi-objective functions. The obtained results by
RMO optimizer were compared with those obtained by the genetic algorithm (GA). The result showed
a performance improvement from 5.6% to 65% in the case of single-objective optimization. Similarly,
in the case of multi-objective optimization, RMO shows overall improved results as compared to GA.
Furthermore, RMO optimization also overcame the deficiencies surfaced during the GA optimization.
Thus, the above-discussed findings demonstrated the effectiveness of optimization techniques in
exploring all possible conditions and determining the best one for the operation of the CDI system.
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