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Electrical energy storage is critical for a broader penetration of renewable energies with intermittent nature, such
as solar and wind energy. The Acid/Base Flow Battery (AB-FB) is a unique, sustainable, and environmental-
friendly storage technology with high electrolyte solution energy density. The method relies on reversible
electrodialytic technologies using bipolar membranes to transform electrical energy into chemical energy related
to pH gradients and vice versa. The charge phase is accomplished by using bipolar membrane electrodialysis,
whereas the discharge phase is performed via bipolar membrane reverse electrodialysis. In a previous work,
we developed an advanced multi-scale process model (Culcasi et al., 2021b), revealing the importance of
operating conditions and design features for the AB-FB battery performance. For the first time, the current work
attempts to optimize the AB-FB. The net Round Trip Efficiency and average net discharge power density were
maximized in a two-objective optimization. The e-constraint method was used to construct curves of Pareto
optimal solutions under various scenarios, thereby systematically assessing the effect of decision variables
consisting of operating and design parameters. The gPROMS Model Builder® software package's optimization
tool was used. This optimization study demonstrated that in a closed-loop configuration, optimized operating
conditions and design features can be chosen to maximize net Round Trip Efficiency up to 64% and average
net discharge power density up to 19.5 W m using current commercial membranes.

1. Introduction

Recently, the demand for renewable energy has increased (Culcasi et al., 2021b). However, there is a
discrepancy between supply and demand, especially for energy from intermittent sources such as solar and
wind. As a result, large-capacity storage systems must be developed, ranging in scale from kWh to MWh.
Effective solutions must be scalable, safe, ecologically friendly, durable, cost-effective, and site independent.
Importantly, there are various potential methods for energy storage; for example, flow batteries store energy in
an electrolyte solution. Acid-Base flow batteries (AB-FBs) are a novel storage method that meet all the above
requirements, work well with modern smart grids, and have a high performance (Culcasi et al., 2020). The
working mechanism of AB-FB involves with the water dissociation reaction in the bipolar membranes (Culcasi
et al., 2021b). Additionally, the AB-FB combines two membrane processes known as Bipolar Membrane
Electrodialysis (BMED) and Bipolar Membrane Reverse Electrodialysis (BMRED) (Culcasi et al., 2021a).
Specifically, during the charge phase, the externally supplied electricity is transformed into acidic and alkaline
solutions, accumulating energy in the form of a pH gradient (Culcasi et al., 2022). During the battery discharge
phase, the acid and base streams are neutralised to produce energy. The AB-FB contains repeating units known
as triplets, consisting of one anion- and one cation-exchange membrane (i.e., AEM and CEM, respectively), as
well as one bipolar membrane (i.e., BPM); all the membranes are separated by net spacers. BPM is made up
of two stacked cation and anion exchange layers. In the charge phase, by applying an electrical potential across
the AB-FB unit, water dissociation occurs in the interlayer of BPM, resulting in the production of both protons
and hydroxide ions (van Egmond et al., 2018) (Figure 1).
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Figure 1. Acid/Base Flow Battery charge a) and discharge b) phases.

When using acid and base solutions at 1 M, it is theoretically possible to achieve a potential energy density of
22 kWh m of one solution. Furthermore, higher concentrations of acid and base could still be used to increase
the energy density. Notably, the percentage of this energy density recovered varies with the efficiency of the
battery charge and discharge phases. Many studies have been carried out in recent years focusing on BMED
(Herrero-Gonzalez et al., 2020) (i.e., the AB-FB charge phase), while only a few have been devoted to BMRED
(Zaffora et al., 2020) (i.e., the AB-FB discharge phase). In most of these papers, experimental assessments
have been conducted under various operating parameters, such as differing electric current or flow rates, and
using variable stack dimensions, such as spacer sizes or triplet numbers. These investigations, in particular,
found links between the variation of a process variable or a design parameter and the unit performance. Despite
the existence of correlations between the numerous process variables, none of the experimental studies could
establish a set of parameters that maximise the performance of both the BMED and BMRED processes. In this
regard, an AB-FB predictive mathematical tool is a more effective and efficient method to identify the optimal
process conditions. However, only a few works in the literature have been focused on the modelling the AB-FB.
Moreover, none of these papers has included an optimisation study on either BMED or BMRED so far. Existing
optimisation research have been focused on conventional electrodialysis (Rohman and Aziz, 2021) and reverse
electrodialysis processes (Long et al., 2018) only. Past single-objective and multi-objective optimisation studies
have used the final product concentration, energy consumption, and costs as the objective functions for
conventional electrodialysis, and these studies were carried out using a variety of methodologies. For example,
the optimisation strategies adopted have included Multi-Objective Genetic Algorithm (MOGA) method
(Chindapan et al., 2013), Particle Swarm Optimization (PSO) (Wright et al., 2018), and Response Surface
Methodology (RSM) (Guesmi et al., 2020). In conventional reverse electrodialysis, the objective functions are
mainly net power density and energy efficiency, and methods such as the genetic algorithm (Long et al., 2018)
or the gradient ascent algorithm (Ciofalo et al., 2019) have been used. The AB-FB must be optimised in order
to boost the battery competitiveness. Different combinations of operating and design characteristics
considerably affect the performance of the unit during both phases (i.e., charge and discharge), and these
settings may potentially have opposing effects on performance. The Round Trip Efficiency and average net
discharge power density are the primary performance indicators of an AB-FB. Furthermore, pumping power
may be relevant in terms of energy consumption, particularly during the discharge phase, when maximising the
energy delivery is critical. As a result, power losses must be minimised. A previously validated AB-FB multi-
scale model (Culcasi et al., 2021b) was employed in this work to carry out a bi-objective optimisation study of
the system. Up to eight operating and design decision variables were simultaneously varied in order to maximise
the net Round Trip Efficiency and the average net discharge power density.

2. Method

The operation of the AB-FB is influenced by a variety of detrimental phenomena which must be suitably
minimised. These include the transport of co-ions due to the non-ideal behaviour of the membranes. The osmotic
and electro-osmotic flows are other deleterious phenomena associated with water transport. Another
phenomenon is concentration polarisation in the boundary layer, which results in different ion concentrations at
the solution-membrane interfaces compared to the bulk concentrations. Furthermore, shunt currents via
manifolds have a significant impact on the performance. To accurately predict the energy efficiency of an AB-
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FB, the energy required to pump the electrolytic solutions through the battery must be considered, particularly
during the battery discharge phase. The model used in this work was developed with a multi-scale structure,
specifically with four-dimensional scales. Some scales also include one or more sub-levels that aim to simulate
specific battery components. This model requires membrane properties and battery design characteristics as
input. In our previous work, we presented this model and experimentally validated it under various operating
conditions. A bi-objective optimisation study was carried out in this work in order to maximise the net Round
Trip Efficiency (RTEnet) and the average net discharge power density (NPD4). The net quantities accounted for
the power consumed in pumping the solutions. The optimisation study was conducted using the gPROMS Model
Builder® platform. The objective functions were computed using the following equations:

NPD = GPD + PPD )
Jy* (GPDg — PPDy) dt

RTE, ot = & )
J,“(GPD, + PPD,) dt

where GPD is the gross power density (W m=), PPD is the pumping power density (W m2), t; and t, are the
discharge and charge time, respectively. The sign + in Equation 1 depends on the battery phase, i.e. + for the
charge phase and — for the discharge phase.

The objective was to maximise both the average NPDq4 and the net RTE, and both these objective functions had
to be calculated simultaneously. In addition, a solution that maximises one of the two functions may not
maximise the other, and vice versa. As a result, this model provides a set of feasible solutions known as the
Pareto front rather than one single solution.

The bi-objective optimisation in this study was carried out using a transformation algorithm known as the -
constraint method. This method entails converting the multi-objective problem into a series of single-objective
optimisations. Every single-objective problem corresponds to a different point on the Pareto curve. Furthermore,
each objective problem involves maximising one of the two objective functions (in this case, the RTE) while
constraining the second objective function (i.e., average NPDq) at a fixed value.

As a result, the following equations can be used to describe the problem:

Objective: Max RTE.:(x) (3)
Subject to: Av.NPDy(x) = € (4)
where x is the decision variables vector and ¢ is the constraint used to obtain the Pareto front. Equation 4 is
essential to transform the multi-objective problem into a series of single-objective optimisations.

The battery was simulated in a closed-loop configuration, with each external tank simulated as having perfect
mixing. The battery charge and discharge phases were operated until a specific target concentration of HCI in
the acid tank was reached, referred to as Cigrger,c aNd Crargetq fOr charging and discharging, respectively. The
decision variables of the optimization study are shown in Table 1, along with their respective lower and upper
bounds.

Table 1. List of the decision variables used in the optimization study.

Operating variables

variable name scenario symbol lower bound upper bound
charge current density AB i 30 Am? 500 A m?
discharge current density AB iq 30 Am? 200 A m?2
charge mean flow velocity AB Uch e 0.5cms? 5cms?t
discharge mean flow velocity AB Ucha 0.5cms? 5cms?t
charge target concentration B Ctargetc 500 mol m 1000 mol m3
discharge target concentration B Crargetd 50 mol m 200 mol m
Design variables
spacer length B L 5cm 200 cm
spacer thickness B b 50 pm 1000 pm

Two scenarios were studied in this work, which differed in their number of decision parameters. Specifically, the
Pareto curves are illustrated in the case of four (scenario A) and eight (scenario B) decision parameters. Current
densities and average mean flow velocities in the channels were used as decision variables in both the charge
and discharge phases in Scenario A. Scenario B included, in addition to the decision variables mentioned for
Scenario A, the target concentrations of HCI for both the charge and discharge phases, as well as the length
and thickness of the spacer.
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The optimization study was performed for a single battery cycle. Additionally, for these simulations, the AB-FB
reference design developed as part of the European project BAoBaB (Parnamae et al., 2020) was used, whose
sizes are shown in Table 2. This design minimises battery-detrimental phenomena, particularly shunt currents.
This reference design comprises a pile of eight stacks, each containing seven ftriplets. Since each stack
represents a repetitive unit, only one stack was simulated, and the results are representative of the entire pile.
The charge transfer reactions, the electromotive force of the electrode reactions, and the ohmic resistances of
the end-membrane and electrolyte solutions were simulated as a lumped parameter called blank resistance,
which was purposefully measured experimentally at the electrodes.

Table 2. Multi-scale model input for the optimization study adapted from (Culcasi et al., 2021b).

Membrane properties

units AEM CEM AEL CEL BPM
Thickness pMm 75 75 60 60 120
Areal resistance Q cm? 4.0 3.5 25 25 5.0
Water permeability mlbar'h'm?2 8 8 - - -
H+ diffusivity m? s 2.0x10" 0.7x10" 2.0x10"  0.7x10" -
Na+ diffusivity m2 s 1.6x10" 0.5x10" 1.6x10""  0.5x10" -
OH- diffusivity m2 s 1.9x10" 0.6x10" 1.9x10""  0.6x10" -
Cl- diffusivity m? s 1.7x10™M 0.6x10"" 1.7x10""  0.6x10™" -
Fixed charge group mol m3 5,000 5,000 5,000 5,000 -
Design parameters
units reference
Number of triplets - 7
Spacer length, L m 0.44
Spacer width, b m 0.476
Spacer thickness, H Mm 475
Manifold area mm?2 400
Operating conditions at the beginning of the charge
HCI concentration in mol m-3 50
the acid tank
NaCl concentration mol m-3 250
in the acid tank
HCI concentration mol m-3 10
in the salt tank
NaCl concentration mol m-3 250
in the salt tank
NaOH concentration mol m-3 50
in the base tank
NaCl concentration mol m-3 250

in the base tank

Target concentrations and fluid velocity

HCI target at the end of themol m-3 1000
charge
HCI target at the end of themol m- 50
discharge
Mean flow velocity duringcm s 1.0
charge
Mean flow velocity duringcm s 1.0
discharge

Electrode compartments and external electric circuit
Blank resistance Q cm? 12
Charge current density Am?2 100

Discharge current density A m2 30
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3. Results and discussion

The first case studied (scenario A) involves the use of four decision variables, namely the current density and
mean flow velocity during the charge and discharge phases of the battery (Figure 2).
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Figure 2. Pareto fronts of net Round Trip Efficiency (RTEnet) as a function of the average net discharge power
density (NPDa) in the scenario of a) four decision variables and b) eight decision variables.

As shown in Figure 2a, the Pareto front has a maximum RTEnet of 51.0% and an average NPDg of 5.8 W m=.,
As the NPDq rises, the RTEnet shows a decreasing trend. Furthermore, the maximum NPDgy value is 14.5 W m-
2, which corresponds to a minimum of 32.1% RTEnet. The HCI concentration rises from Ciargera t0 Crarget,c after
the charge phase and the resulting theoretical energy density is 20.1 kWh m=3. Along the Pareto front, this value
remains constant because the target concentrations are not included in the decision variables in scenario A. In
this case, Ciarget,a @nd Cegrget, are equal to 0.05M HCI and 1M HCI, respectively. However, due to non-ideal
process phenomena, the energy density obtained during the discharge phase is only a fraction of the theoretical
value and depends on the battery discharge efficiency. At the maximum RTEnet and average NPDyg, the produced
energy densities at the two ends of the Pareto curve are 19.7 kWh m= and 12.9 kWh m3, respectively. Indeed,
the energy efficiency during discharge is higher, with the value of 97.8%, at maximum RTE, whereas at
maximum NPDq, the efficiency is reduced to 64%. The high energy efficiency of the discharge at maximum
RTEnret is due to its proximity to open circuit conditions, which increases the electrical efficiency of the discharge
phase. Figure 2b depicts the Pareto front for Scenario B, which has eight decision variables. Scenario B, in
particular, adds the target concentrations in the two battery phases, as well as two design variables, i.e. the
length and width of the spacer, to the four parameters of Scenario A. As the Pareto front shifts upwards, the
results show a significant increase in battery performance. Specifically, the maximum RTEnet is 64% with an
NPDy of slightly less than 3.9 W m2, while the maximum NPDgy is 19.5 W m with an RTEnet of 31.6%. As the
scenario target concentrations are decision variables, a variation in the theoretical energy density is observed
along the Pareto front. The theoretical energy densities at maximum RTEnret and maximum NPDgq are 7.25 kWh
m-3 and 17.1 kWh m3, respectively. As a result, higher energy density can be achieved at the expense of lower
electrical efficiency. Indeed, similar to the previous Scenario A, at maximum NPDyg, the battery operates at higher
charge and discharge current densities than when operating at maximum RTEnet, thus reducing energy
efficiency. Finally, when maximising the RTEnet and NPD4, the energy efficiencies of the discharge in Scenario
B are 87% and ~63%, respectively.

4. Conclusions

A bi-objective optimization study for an Acid/Base Flow battery was performed in this work using a
comprehensive multi-scale mathematical model. This study demonstrates how changing the decision variables
improves performance in terms of RTEnet and average NPDq. Since the objective functions used have
contradictory effects, it is not possible to obtain a single optimal solution, but rather a set of optimal conditions
known as the Pareto front. Overall, a maximum RTE of 64% was obtained in a scenario with eight decision
parameters and an average NPDq of 3.9 W m-2, while a maximum average NPDq of 19.5 W m2 and an RTEnet
of 31.6% were obtained. This study demonstrates how the appropriate selection of operational and design
variables can make this novel battery competitive. This optimization study can be expanded in the future by
analysing scenarios with different process configurations and membrane features.
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