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A B S T R A C T

The rising usage of intermittent energy has garnered the need for large scale energy storage systems. Redox flow 
batteries (RFB) based energy storage system shows promising potential. Numerical simulations and machine 
learning approaches have been widely used to study RFB performance. The development of autonomous material 
discovery framework and digital twin of energy storage system usually needs to query cell performance through 
fast response models. In this study, two computationally efficient models are introduced: a physics-based 
analytical flow battery model (EZBattery), and a machine learning operator model (Deep Operator Network, 
denoted by DeepONet). Both models can provide cell performance near instantly, and prediction accuracy was 
systematically examined on an application of evaluating the performances of a 780 cm2 aqueous organic redox 
flow battery (AORFB), using potential anolyte candidates in dihydroxyphenazine (DHP)-based family of organic 
materials. A validated computationally expansive 3-dimensional multi-physics finite element model by COMSOL 
was used as the ground truth and provided the training data set for the DeepONet. 1280 samples were generated 
with 10 properties to mimic the different possible anolyte candidates, and the cell performances were evaluated 
under 10 different combined operating conditions. The accuracy comparisons for the two computationally 
efficient models show that both models can provide comparable accuracy in predicting cell charging/discharging 
voltage curves. DeepONet can provide slightly higher overall accuracy than EZBattery with faster calculation 
speed, but highly relies on the training dataset. EZBattery does not need a training dataset and can provide 
interpretable physics-based explanations of the results, while being more flexible to adjust to adapt any different 
cell designs, flow battery architectures, and electrolyte materials.

1. Introduction

Solar and wind power, also known as intermittent energy, have seen 
continuous growth in the last two decades as the world opted to develop 
renewable energy production. Wind and solar production have 
expanded to 14 % of U.S. electricity generation in 2023 [1]. However, 
the amount of power produced is dependent on time, season, and 
weather, making it inconsistent and often unable to keep up with supply 
and demand [2]. Thus, intermittent energy can be more effectively 
utilized through reliable energy storage. Intermittent energy resources, 
when strategically deployed, possess the potential to complement 
existing power generation infrastructure. Energy storage systems, such 
as batteries, can be used to accumulate energy during periods of low 

demand, which can then be released during peak demand periods. En
ergy storage systems in combination with renewable energy provide a 
responsive solution to fluctuations in demand [3].

Large scale energy storage systems have a rising significance in 
transitioning our economy to clean, carbon free energy. Such systems 
typically store energy for ten or more hours. Therefore, they can be used 
to balance supply and demand over long periods, contributing to a 
reliable and consistent supply of energy [4]. Among all the battery based 
techniques, flow batteries show great advantages of lower material and 
maintenance costs and higher safety over the traditional Li-ion based 
systems [5]. Aqueous Organic Redox Flow Batteries (AORFBs), using 
organic active materials in one or both sides of the cell, are a more cost- 
competitive solution, since the active organic species can be synthesized 
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from low-cost and abundant materials [6,7].
Upscaling the new organic electrolyte materials' properties to the cell 

performance for different cell designs and operating conditions is crucial 
for material discovery and screening, system design and technical 
financial analysis, and developing a digital twin for the systems. A 
straightforward approach is numerically solving all the governing 
equations in the simulation domain of the specific cell geometry in 3- 
dimensional (3D) scheme. A lot of pioneering works [8–14] have 
demonstrated that this numerical approach is capable and accurate for 
various cells, from small lab-scale cell to large multi-cell stacks. How
ever, such a numerical simulation approach on a 3D domain is compu
tationally expensive, because all the governing equations are solved on 
the thousands to millions spatial discretized elements or meshes, such as 
in finite element (FEM) [15–17] and finite volume (FVM) [18,19] 
models, which may require a few hours to a few days to achieve 
converged solutions. Therefore, such an approach is not feasible or 

computationally efficient enough for the applications that need fast re
sponses, such as the autonomous material discovery [20,21] framework 
and digital twins of energy storage systems [22,23], which usually query 
cell performance frequently with given material properties and/or 
operation conditions.

To accelerate the predictions from material properties to cell per
formance, zero-dimensional (0D) models are the most common method 
for cell performance prediction and optimization. 0D models simplify 
the cell into one point with assumptions of uniform concentration and 
overpotential in the cell [24–27]. With such simplifications, all the 
governing equations can be efficiently solved either numerically or by 
directly deriving analytical solutions. However, it is challenging for 0D 
models to resolve the species convection diffusion in the micro pores and 
channels of the electrode, so it usually is hard to accurately predict the 
performance of large cells when the less uniform concentrations of 
active species play a critical role.

Fig. 1. Example sketch of the DHP-based family molecule structure and the electrochemical reaction (a); Geometry and the finite element simulation domain of the 
cell (b); A parity plot comparing two computationally efficient models (EZBattery and DeepONet) against the COMSOL FEM simulation results for all the test cases 
(c); Example of model validation for the cell charging/discharging performance for a 10 cm2 cell with experimental measurements (60 mL/min flow rate), and the 
predictions for the upscaled 780 cm2 cell (0.4 L/min flow rate) (d).
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For incorporating the non-uniform concentration of active species in 
the cell and the computational efficiency, a two-dimensional (2D) 
analytical model, EZBattery, has been developed and demonstrated for 
various cell applications in our previous work [28–30]. The EZBattery 
model simplifies the pore structure of the electrode into many micro- 
channels and derives an analytical solution of active species distribu
tion in the micro-channel. This model can provide a computationally 
efficient prediction of the cell performance which is accurate when 
compared to the 3D FEM simulation solution.

In contrast to the physics-based models introduced above, machine 
learning based models are a powerful alternative to provide accurate 
prediction with high computational efficiency. A lot of pioneering works 
have introduced and demonstrated the application of machine learning 
model to flow battery performance prediction [24,31–33]. In this study, 
we introduce an application of operator learning with Deep Operator 
Networks (DeepONet) [34]. DeepONet have been successfully applied 
for modeling a wide variety of scientific problems [34–37]. They consist 
of two fully connected feed forward neural networks (FNNs), the branch 
network and the trunk network. When trained for AORFBs, the branch 
network takes as input the battery operating conditions and material 
properties, and the trunk network takes as input the state of charge 
(SOC). The branch and trunk network are trained simultaneously and 
combined with a dot product to predict the battery voltage at the given 
SOC.

In this work, the prediction accuracy of these two computationally 
efficient models, EZBattery and DeepONet, are systematically evaluated 
on a 780 cm2 interdigitated cell for the possible anolyte candidates in 
dihydroxyphenazine (DHP)-based organic materials family. There are 
1280 anolyte candidate materials and 10 different combined cell oper
ation conditions, so there are in total 12,800 cases. The commercial FEM 
package COMSOL Multiphysics® was used to solve all the cases with a 
3D scheme to serve as the ground truth. The 3D FEM solutions were used 
to train the DeepONet model and to evaluate the accuracy of both the 
DeepONet and EZBattery models. The details about the generation of 
12,800 cases, the COMSOL FEM simulations, the EZBattery analytical 
solutions, and the DeepONet model construction and training are 
introduced in Section 2. The results of the accuracy comparisons for the 
two models show that both models can provide comparable accuracy of 
the prediction of cell charging/discharging voltage curves, with signif
icantly reduced computational time cost compared with full 3D simu
lations. The DeepONet model provides overall slightly higher accuracy 
than EZBattery with faster calculation speed once trained, however, the 
disadvantage of operator learning models is the need to generate a 
training dataset and train the model. EZBattery does not need a training 
dataset and can provide physics explanations of the results, and is more 
flexible, so it can be adjusted to adapt to any cell design, flow battery 
architecture, and electrolyte material. Detailed results and discussions 
are in Section 3.

2. Methodology

In this study, the performance of potential anolyte candidates from 
the dihydroxyphenazine (DHP)-based family of organic materials are 
used to evaluate the model prediction accuracy. The catholyte is kept as 
ferro/ferricyanide. The electrochemical reaction for anolyte is gen
derized as: 

[
DHP − Gf

]n−
+2H2O+2e− ̅̅̅̅→

Charge

←
Discharge

[
DHP − Gf − 2H

]n−
+2OH− , (1) 

where Gf stands for the functional groups, and n stands for the charge. 
One example of the organic molecule structure (7,8-dihydrox
yphenazine-2-sulfonic acid) and the electrochemical reaction in alkaline 
solution are sketched in Fig. 1(a).

The high-fidelity 3D multi-physics FEM is considered as a reference, 
so the fast-forward analytical model EZBattery and a machine-learning 

based DeepONet model are evaluated against the solutions from the 
3D FEM. The property ranges of the anolyte candidates are listed in 
Table 1. Those property ranges are determined according to previous 
experiment database and/or model estimations [7,38–58]. Please note 
that the mass transfer coefficient in Table 1 is a dimensionless number. 
The relationship between the mass transfer coefficient and the dimen
sional mass transfer rate (with unit m/s) is discussed in Section 2.2. The 
Latin Hypercube sampling (LHS) method was used to randomly sample 
the properties in the range to generate 1280 samples for the 10 prop
erties to mimic the different possible anolyte candidates. The cell 
operates at five different pump flow rates (0.4, 0.8, 1.2, 1.6, 2.0 L/min) 
and two current densities (1600, 2400 A/m2). All 1280 samples are 
tested under those operation conditions which yields a total of 12,800 
cases. The three models (3D FEM, fast-forward analytical model 
EZBattery, and machine learning model DeepONet) are used to evaluate 
the performance of these anolyte candidates. The explanations for these 
three models are in Sections 2.1 to 2.3.

2.1. 3D finite element model

For evaluating the potential candidate organic anolyte material in a 
commercial scale flow battery stack, the 3-dimensional multi-physics 
numerical simulation is a straightforward approach. In this study, a 
780 cm2 interdigitated cell is used as a representative design for eval
uating the potential candidate anolyte. The cell geometry is shown in 
Fig. 1(b). This cell design, characterized by dimensions of 30 cm in 
width and 26 cm in length, incorporates six inlet flow channels and five 
outlet channels (the two inlet channels at the edges of the cell are only 
have half width of other channels). The electrode, with a thickness of 
0.64 mm, is complemented by a membrane with a thickness of 508 μm. 
The red arrows in Fig. 1(b) mark the inlet channels, and the blue arrows 
mark the outlet channels. The inlet and outlet manifold, as marked in in 
Fig. 1(b), are for equalizing the length of the flow path to the main flow 
pipes for all the channels. The positive signs on the two main flow pipes 
are for transportation of positive side electrolyte, and the negative signs 
on the two main flow pipes are for transportation of negative side 
electrolyte.

The multi-physics model includes the fluid mass and momentum 
conservation equations, electrolyte chemical species convection and 
diffusion equations, and charge conservation equations [9]. The charge 
conservation equations combine with the Ohm's law as: 

− σeff
s ∇2ϕs = Sϕ, (2) 

− κeff
l ∇2ϕl = Sϕ, (3) 

where ϕs and ϕl are the electronic potential field in solid electrode and 
ionic potential in liquid electrolyte, respectively. σeff

s is the effective 
electronic conductivity in solid electrode, and κeff

l is the effective ionic 
conductivity in liquid electrolyte. Sϕ is the source term that can be 
expressed as ±aji. a is the specific area of the electrode, j is the local 
current density, and the positive sign is for solid electrode (Eq. (2)), and 

Table 1 
The properties' range for the possible anolyte candidates.

Property's name Unit Min Max Mean

Charge transfer coefficient 1 0.3 0.7 0.5
Electrode specific area 1/m 1.2× 104 1.2× 105 6.5× 104

Membrane conductivity S/m 0.5 2.0 1.25
Reaction rate constant m/s 1.0× 10− 8 1.5× 10− 3 5.9× 10− 4

Mass transfer coefficient 1 0.5 50 25.25
Initial concentration mol/m3 50 1500 775
Species diffusivity m2/s 4.9× 10− 11 4.9× 10− 9 2.4× 10− 9

Electrolyte viscosity Pa•s 1.0× 10− 3 1.2× 10− 2 6.5× 10− 3

Standard potential V − 1.4 − 0.1 − 0.75
Anolyte conductivity S/m 10 100 55
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negative sign is for liquid electrolyte (Eq. (3)). The subscript i = 1 rep
resents the positive side and i = 2 represents the negative side of the cell. 
The local current density can be evaluated by Butler-Volmer's law: 

ji = Fki

̅̅̅̅̅̅̅̅̅̅̅

Cs
OCs

R

√ [

exp
(

βzFηi

RT

)

− exp
(

−
(1 − β)zFηi

RT

)]

, (4) 

where F is the Faraday constant, k is the reaction rate constant, C is the 
species concentration, β is the charge transfer coefficient, z is the 
number of electrons involved in the reaction, R is universal gas constant, 
T is temperature, and η is the activation overpotential. The subscript O 
stands for the oxidized state species, and the subscript R stands for the 
reduced state species. The superscript s represents the concentration on 
the electrode solid surface. The activation overpotential also satisfies the 
relation [25,59]: 

ηi = ϕs − ϕl − EOCV
i , (5) 

where EOCV is the equilibrium potential or open circuit voltage (OCV) 
estimated by Nernst equations [25,59]: 

EOCV
i = E0

i +
RT
zF

ln
(

CO

CR

)

, (6) 

where E0 is the standard potential for the positive or negative side redox 
couples. The charge conservation Eqs. (2) and (3) are coupled together 
through Eqs. (4) to (6). With solved charge source term Sϕ, the source 
term for species convection diffusion equations can be estimated by 
Sϕ/zF. The solution to the species convection diffusion equations pro
vides the information on the species concentration, which are used in 
Eqs. (4) and (6). In this study, it is assumed that the species transport and 
reaction do not affect the liquid flow transport, so the fluid mass and 
momentum conservation equations only provide the flow field infor
mation to the species convection diffusion equations. The species con
centration on electrode wall Cs usually depends on the bulk 
concentration C, averaged pore diameter, diffusion coefficient, and rate 
of reaction. A commonly used estimation was provided by H. Al-Fetlawi 
et al. [59]. For example, the reduced state species concentration on the 
pore wall surface can be estimated by 

Cs
R =

CR + ϵke− F(ϕs − ϕl − E0)/(2RT)
(

CR
γO
+ CO

γR

)

1 + ϵk

⎛

⎜
⎜
⎜
⎜
⎝

e
−

F(ϕs − ϕl − E0)
(2RT)
ΥO

+ e

F(ϕs − ϕl − E0)
(2RT)
ΥR

⎞

⎟
⎟
⎟
⎟
⎠

, (7) 

where ΥO and ΥR are the oxidized and reduced state species piston ve
locity respectively. It is defined as the ratio between the diffusivity and 

averaged pore size [59]. ϵ is the porosity.
All the equations are solved by COMSOL Multiphysics® in the 

simulation domain shown in Fig. 1(b), and the model has been validated 
against experiment data in our previous work [13,14]. As introduced 
above, there are 1280 anolyte candidates and 10 different combined cell 
operation conditions, so there are in total 12,800 simulation cases, and 
each case costs about one hour on 128 CPU cores. These 12,800 cases 
results are used as the ground truth to evaluate the fast-forward analytic 
model EZBattery, and divided to be used as the training, validation, 
testing datasets for the DeepONet machine learning model. An example 
of comparisons of the three models' predictions and the experiment 
measurements are shown in Fig. 1(d). The experimental measured 
charging/discharging curves for a 10 cm2 cell are shown in green. The 
corresponding model predictions for this 10 cm2 cell are shown in black 
dash line and dot line for COMSOL and EZBattery models respectively. 
This 10 cm2 cell was tested with 0.15 A/cm2 and 0.25 A/cm2 with 60 
mL/min flow rate. More details for this 10 cm2 cell experiment are 
provided in C. Zeng et al. [13]. The charging/discharging curves for the 
780 cm2 cell are estimated by the three models in blue dash line, blue 
triangles, and red circles for COMSOL, EZBattery, and DeepONet 
respectively. This large cell performance is evaluated at 0.15 A/cm2 and 
0.25 A/cm2 with 0.4 L/min flow rate.

2.2. Fast-forward analytical model: EZBattery

As introduced in the finite element model, it is computationally 
expensive to solve all the coupled governing equations. Therefore, the 
EZBattery model provides analytical solutions by simplifying all the 
pores in the electrode into micro-channels. The sketch of the EZBattery 
model configuration for the AORFB and the simplified micro-channels 
for the electrode are shown in Fig. 2(a). The letters “C” mark the 
channels, and “S” marks the solid electrode (Fig. 2(a)). The transport of 
reaction species in porous electrode, using the reduced state species 
concentration (CR) as the example, can be modeled by the convection 
diffusion equation 

∂CR

∂t
+ U→•∇CR = DR∇

2CR, (8) 

where U→ is flow velocity, and DR is effective diffusivity of this reduced 
state species. In the simplified micro-channel, the size of the channel is 
controlled by the pore size and porosity of the electrode. The convection 
diffusion equation can be represented in cylindrical coordinate system 
as 

∂CR

∂t
+ u(r)

∂CR

∂z
= Dr

(
∂2CR

∂z2 +
d
r

∂CR

∂r
+

∂2CR

∂r2

)

, (9) 

where z is spatial coordinate along channel flow direction, r is spatial 

Fig. 2. Sketch of the EZBattery model configuration for AORFB and the simplified micro channels for electrodes (a); Sketch of the DeepONet structure (b).
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coordinate along channel radius direction, d is channel shape parameter 
(0 and 1 denote square and circular). The solution to Eq. (9) can be 
expressed as the Taylor series expansion around the center line of the 
channel as 

CR(z , r, t) = Cc
R +

∑+∞

i=1

r2i

(2i)!
Cc,2i

R , (10) 

where Cc
R is the concentration along the centerline of the channel, and 

Cc,2i
R denotes even order derivatives with respect to r. Applying the 

reduced boundary method [60], dropping the terms with order higher 
than 5, and considering steady state, Eq. (9) can be simplified for the 
concentration along the centerline as 

d + 3
2

u0
∂Cc

R
∂z

− DR
∂2Cc

R
∂z2 = −

3(d + 1)is
Fb

, (11) 

where is is an averaged local current density on micro-channel wall 
surface [30], b is pore size or micro-channel size, u0 is the averaged flow 
velocity. More detailed steps from Eqs. (9) to (11) are discussed in 
Supporting Information Section S1 and Y. Chen et al. [30]. Eq. (11) is a 
second order linear homogeneous equation with constant coefficients, 
which has a general solution [61]. By applying the general solution on 
Eq. (11) and normalizing the concentration, the species concentration 
along the center line can be estimated by: 

Ĉ
c
R = SOC −

6(d + 1)
d + 3

Icu

βm

(z

b
− γPe

)

−
12(d + 1)
(d + 3)2

Icu

Peβm

⎡

⎢
⎣e

d+3
2 Pe

(

γPe− H
b

)

− e
d+3

2 Pez − H
b

⎤

⎥
⎦,

(12) 

where Ĉ
c
R is the dimensionless concentration of reduced state species 

along the center line of the micro-channel. The dimensionless concen
tration is normalized by the initial total concentration of the reduced 
and oxidized state species. H is flow cell height, Icu is relative importance 
of current density to advection [30], γ is concentration entrance length 
constant (0.033), SOC is the state of charge, and Pe is the Peclet number. 
βm is mass transfer coefficient. It is a factor that correct the differences of 
mass transfer rate between channel and real electrode pore structure. 
The relationship between the mass transfer coefficient (βm) and the mass 
transfer rate (km) is defined as km = βmkT

m, where kT
m is theoretical mass 

transfer rate in channel. kT
m can be estimated as kT

m = u0(

5
16− 2γ

)

Pe+2H
b −

4
3Pe

. 

Both mass transfer rate (km) and theoretical mass transfer rate (kT
m) are 

dimensional number with unit m/s. The mass transfer coefficient (βm) is 
a dimensionless number, which is ranging between 0.5 and 50 in this 
study as listed in Table 1. Substituting the solution of Ĉ

c
R (Eq. (12)) into 

Eq. (10), the species concentration along wall surface of the micro- 
channel can be estimated by 

Ĉ
s
R = SOC −

[
5
16

−
6(d + 1)

d + 3
γ
]

Icd

βm
−

6(d + 1)
d + 3

Icu

bβm
z

−
12(d + 1)
(d + 3)2

Icu

Peβm

⎡

⎢
⎣e

d+3
2 Pe

(

γPe− H
b

)

− e
d+3

2 Pez − H
b

⎤

⎥
⎦,

(13) 

where Ĉ
s
R is the dimensionless concentration of reduced state species on 

the wall surface of the micro-channel, and Icd is relative importance of 
current density to diffusion [30].

The accuracy of this proposed simplification, using micro-channels 
to represent porous structure, has been quantitatively evaluated by C. 
Zeng et al. [62] with experimental measurements. The experiments used 
a 10 cm2 cell to measurement the mass transfer rate by testing the cell at 
different flow rates, ranging from 2 mL/min to 80 mL/min (average flow 

velocity from 1 mm/s to 4 cm/s). The estimated mass transfer rate, as 
determined by the simplified micro-channel theory, closely matches the 
experiment measurements when the average flow velocity lower than 
1.5 cm/s, which is shown in reference [62] Figs. 4 and 6. This velocity is 
equivalent to approximately 2.3 L/min flow rate for the 780 cm2 cell, 
which is sufficiently high for practical operations.

With these analytical solutions for the concentrations, the activation 
overpotential is estimated by: 

η =
RT
βF

ln

⎛

⎜
⎝

Ick

2
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Ĉ
s
R
(
1 − Ĉ

s
R
)√ +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

I2
ck

4Ĉ
s
R
(
1 − Ĉ

s
R
)+ 1

√
√
√
√

⎞

⎟
⎠, (14) 

where Ick is relative importance of current density to reaction. The 
equilibrium potential can be calculated through Eq. (6) by using the 
analytical solution of concentration along the center line of the micro- 
channel Ĉ

c
R. The total cell voltage is estimated by Ecell = EOCV + η+

Eohm, where Eohm is Ohmic voltage loss in the cell. More detailed ex
planations for the terms in the analytical solutions and the mathematical 
derivations are available in Chen et al. [28–30]. This analytical model 
has been named as EZBattery for short, and released at GitHub (github. 
com/pnnl/EZBattery). An important note is that the EZBattery model 
does not need to be calibrated to match the results from the 3D FEM 
simulations. Both models (EZBattery and COMSOL) share the same 
values for all the cell parameters and material properties.

This study focused on the (DHP)-based family of organic electrolyte 
redox flow battery, but EZBattery model is capable of handling various 
electrolytes, such as vanadium redox flow battery [28–30], zinc‑iodine 
flow battery [63], and Prussian blue/white redox targeting flow battery 
[64]. The example model setups for the zinc‑iodine flow battery and 
Prussian blue/white redox targeting flow battery are available in the 
EZBattery GitHub repository (github.com/pnnl/EZBattery).

For modeling different types of flow batteries, the model requires the 
values of the main material properties, the number of electrons involved 
in the electrochemical reaction, whether water is involved in the reac
tion, stoichiometric numbers of the reaction, etc. For flow batteries with 
two charge/discharge plateaus, such as another widely studied 
bipyridinium-based cell [65], in addition to applying the corresponding 
material properties for the bipyridiniums-based electrolyte, modeling 
needs to account for the separation of the current density between the 
two electrochemical reactions or the two steps of the electrochemical 
reaction. The detailed introduction and equations are provided in Sup
porting Information Section S2.

2.3. Deep operator network model

Deep operator networks (DeepONets) are neural operators that learn 
the mapping between two Banach spaces [34]. Standard DeepONets 
consist of two neural networks, named the branch and the trunk. The 
branch takes as input the dependent variables, in this case the operating 
conditions and material properties of the battery. The trunk takes as 
input the independent variables, in this case the SOC. The outputs of the 
branch and trunk networks are combined with a dot product to give a 
prediction of the battery voltage as a function of the SOC, electrolyte 
properties, and the battery operating conditions. The sketch of the 
DeepONet structure for estimating the cell performance is shown in 
Fig. 2(b). Because the same value of the SOC can be used for charging 
and discharging, we append a 1 to the branch input to indicate charging 
and − 1 to indicate discharging. In this work we use modified DeepONet 
[66], which introduce two encoder layers for the branch and trunk. The 
encoder layers are combined with the branch and trunk network in a 
convex combination at each hidden layer. This change has been shown 
to increase the expressivity of the network and reduce the model error 
[66]. The DeepONet is implemented in JAX [67]. For this work we use 
branch and trunk networks that each have 4 hidden layers with 200 
neurons each and the hyperbolic tangent activation function. The 
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learning rate follows an exponential decay scheduler with initial value 
1− 4, 2000 decay steps, and a decay rate of 0.99. We train for 600,000 
iterations with a batch size of 300 (operating condition, SOC) pairs.

An important consideration when doing machine learning is the size 
of the training set. In order to train an accurate model, the training set 
must comprehensively cover the range of expected operating conditions. 
This is because neural operators struggle with extrapolation beyond the 
conditions seen in training. The data used for training the DeepONet is 
generated by COMSOL 3D simulations of AORFBs. In this study, not all 
the 1280 candidate anolyte can operate physically at the 10 different 
operating conditions. By removing the non-operational cases, the full 
dataset has 9990 cases. They are divided into 10 batches by the 10 
operating conditions. Each batch has fixed flow rate and current density. 
To generate the training set, we first exclude two full batches to use in 
the test set (current density = 1600 A/m2 and flow rate = 1.2 L/min; 
current density = 2400 A/m2 and flow rate = 1.6 L/min). From the 
remaining eight batches we randomly select 10 % to use as the test set. 
For the eight batches data (the eight operating conditions), we chose 
between 10 % and 90 % to be the training set. This allows us to study the 

amount of data needed for training the DeepONet model, which ulti
mately allows for minimizing the cost of data generation. The total size 
of the test set is 2630 simulation cases. The training set ranges from 816 
simulations for 10 % of the data to 7360 for 90 % of the data.

3. Results

3.1. Metrics for evaluating different models

Because of the high computational cost of the COMSOL FEM simu
lation, the cell performance is modeled at 19 SOCs each for both 
charging and discharging conditions, so totally 38 SOCs for each case. To 
balance the computational cost and accurately capture the rapid in
crease or decrease stages of the charging/discharging curve, a finer 
resolution of SOC was used during the potentially rapid changing stages, 
while a coarser resolution was employed during the slower changing 
stages. The modeled SOCs range from 0.025 to 0.85, at 0.025 increments 
when the SOC is between 0.025 and 0.25, 0.1 increments when SOC is 
between 0.3 and 0.6, and 0.05 increments when the SOC is between 0.6 

Fig. 3. Model accuracy evaluation metrics on the 2630 test cases for EZBattery and DeepONet (noted as DON for short in the figure labels) trained by 10 % to 90 % 
dataset. (a) RMSE, (b) eEOCV , (c) eIR, (d) ΔEt0.
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and 0.85. The comparison between the model predictions for the test set 
is shown in Fig. 1(c). The vertical axis is for the two computationally 
efficient models. The red dots represent DeepONet, and blue dots 
represent EZBattery. The horizontal axis is for the FEM simulation re
sults by COMSOL. In general, both models' predictions concentrate 
around the ‘identity line’ (dash line in Fig. 1(c)). The overall root mean 
square errors (RMSE) for all the data points in Fig. 1 (c) are 0.019 and 
0.017 V for EZBattery and DeepONet respectively. The R2 are 0.998 for 
both EZBattery and DeepONet, as noted in Fig. 1(c).

To quantify the differences between the predictions from EZBattery 
or DeepONet model and the COMSOL FEM simulation results, four 
metrics are defined: the charging/discharging curve RMSE, error eEOCV , 
error eIR, and ΔEt0. The charging/discharging curve RMSE for the cell 
performance prediction is defined as: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
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SOC
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SOC − Vdc
soc
)2

]√
√
√
√ , (15) 

where Vcʹ
SOC is the cell charging voltage at given SOC predicted by either 

EZBattery or the DeepONet, and Vc
soc is the cell charging voltage at a 

given SOC predicted by the COMSOL FEM simulation. Similarly, Vdcʹ
SOC 

is the cell discharging voltage predicted by either EZBattery or the 
DeepONet, and Vdc

soc is the cell discharging voltage predicted by the 
COMSOL FEM simulation. N is the total number of SOCs that is 
compared between the models. Please note that N is not always 38, 
because a lot of anolyte candidates and/or cell operating conditions 
cannot make the cell charge to SOC = 0.85 or discharge to SOC = 0.025.

Since the RMSE is always positive, it cannot justify whether EZBat
tery or the DeepONet over or underestimates the cell voltage compared 
with the COMSOL FEM simulations. Errors eE and eIR can provide such 
information, and are expressed as: 

eEOCV =
1
N

[
∑

SOC

(
Vcʹ

SOC − Vc
soc
)
+
∑

SOC

(
Vdcʹ

SOC − Vdc
soc
)
]

, (16) 

eIR =
1
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∑

SOC

(
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SOC − Vc
soc

)
−

1
Ndc

∑

SOC

(
Vdcʹ

SOC − Vdc
soc

)
, (17) 

where Nc is the number of SOCs for charging, and Ndc is the number of 
SOCs for discharging. For comparing the charging/discharging voltage 
curves, eEOCV evaluates the errors more contributed from the OCV EOCV , 
while eIR focuses more on evaluating the errors contributed from the 
internal resistances. In the scenario that the OCV is predicted accurately, 
the errors caused by the internal resistances would lead to the opposite 
signs of errors for changing and discharging voltage, which makes eEOCV 

is near zero but eIR counts all the errors. In contrast, for the scenario that 
the OCV is deviate from the true value, but the internal resistances are 
accurately estimated, eIR would be nearly zero but eEOCV counts all the 
errors. The fourth metric ΔEt0 is the voltage difference at the start of 
charging between the EZBattery or the DeepONet prediction and the 
COMSOL FEM simulation.

As introduced in Section 2.3, the DeepONet model was trained using 
a training set generated from COMSOL FEM simulation results. The 
training set used 10 % to 90 % anolyte candidate properties in 8 out of 
10 operation conditions as the training dataset. It used all the anolyte 
candidates in 2 out of 10 operation conditions and 10 % anolyte 
candidate properties in the rest of the 8 operation conditions as the 
testing dataset. In total, we used 2630 cases in the testing dataset for 
evaluating the DeepONet prediction accuracy against COMSOL FEM 
simulation results. For the 8 operation conditions that were partially 
used the training dataset, the corresponding testing dataset is named as 
“seen”, which includes 667 cases. The 2 operation conditions that were 
not used in the training dataset is named as “unseen”, which includes 
1963 cases. The EZBattery model does not need any results from 
COMSOL FEM simulation results to calibrate the model, so it can provide 
predictions for all the 12,800 cases. However, for fairly comparing the 
EZBattery and DeepONet models, the same 2630 cases mentioned above 
were used to evaluate the four metrics for both models. The distribution 
of the RMSE, eEOCV , eIR and ΔEt0 derived from both EZBattery and 
DeepONet model predictions for the 2630 cases are plotted in boxplot 
shown in Fig. 3 (a) to (d) respectively. The “seen” and “unseen” opera
tion conditions testing dataset are plotted separately in Fig. 3 for eval
uating the capability of interpolating sparse information.

For the RMSE (Fig. 3 (a)), the mean of the RMSEs for all the 2630 test 
cases for the EZBattery model is 0.015 V, and the largest RMSE for the 
EZBattery model is 0.065 V. For the DeepONet model, when using 10 % 
data to train, the RMSEs are slightly larger than the performance of the 
EZBattery RMSE generally. After using 30 % or more data to train the 
DeepONet, the mean of the RMSEs for all the 2630 test cases reduces to 
around 0.01 V. Using more than 30 % data to train the model does not 
significantly improve the model prediction accuracy, indicating that 30 
% of the training data is sufficient. Although the DeepONet model using 
30 % or more data to train provide lower mean and quantiles of RMSE 
distributions, there are some extreme cases where the RMSE values can 
near 0.1 V (the outliers points in Fig. 3 (a)), which is slightly worse than 
the performance of EZBattery model.

The results from the distribution of eEOCV (Fig. 3 (b)) show that 
EZBattery performs worse than all DeepONet models that are trained 
with 10 % to 90 % of the training data. The most extreme eEOCV for 
EZBattery are 0.048 V and -0.044 V. Based on the definition of error eEOCV 

(Eq. (16)), the EZBattery model possibly has higher error on estimation 

Fig. 4. The correlation matrix of the model accuracy evaluation metrics for EZBattery model.
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of OCV. In comparison, the DeepONet models have the most extreme 
cases for eEOCV within ±0.035 V, and the 0.25 to 0.75 quantile is within 
±0.005 V. This indicates that the trained DeepONet models can highly 
possibly capture the equilibrium potential accurately. Additionally, 
increasing the training dataset from 10 % to 90 % of the total data, can 
slightly improve the error eEOCV . Please note that although the EZBattery 
model predictions show higher errors eEOCV than the DeepONet pre
dictions, controlling the errors in ±0.05 V is still considerably accurate.

The results from the distribution of error eIR (Fig. 3 (c)) show that the 
predictions for the EZBattery model outperforms the DeepONet models. 
Based on the definition of eIR (Eq. (17)), it focuses more on errors of the 
estimation on cell internal resistances. Therefore, the EZBattery model 
provides better accuracy on cell internal resistance calculations. The 
0.25 to 0.75 quantile are in the range between 0 and 0.01 V, and the 
worst situations are also controlled within ±0.1 V. In comparison, the 
DeepONet models show larger errors for the 0.25 to 0.75 quantile, and 
the worst situations can make error higher than 0.15 V. Additionally, 
after 30 % of the data for training, using more data does not improve the 
model accuracy.

For ΔEt0, EZBattery is slightly better than all the DeepONet models. 
The 0.25 to 0.75 quantile of ΔEt0 for EZBattery is closer to 0, and the 
extreme simulations are controlled between − 0.05 to 0.1 V. In com
parison, the worst situation for DeepONet models usually reach − 0.1 V.

For the “unseen” operation condition testing dataset, the DeepONet 
models can provide the similar accuracy as the “seen” operation con
dition testing dataset for all the four metrics. This indicates that the 
proposed DeepONet model shows sufficient accuracy on interpolating of 
the sparse data in training dataset.

3.2. Correlation between the evaluation metrics and the properties of the 
anolyte candidates

The correlation matrix is the most adapted tool to quantitatively 
assess the relationships between the model parameters and model out
puts, highlighting both strong and weak correlations that may influence 
the model prediction errors. The correlation matrix of the model accu
racy evaluation metrics for the EZBattery model is shown in Fig. 4. The 
values are calculated by the Pearson method [68] between these pa
rameters: RMSE value, eEOCV , eIR, ΔEt0, and the 10 properties of anolyte 
candidates: charge transfer coefficient, specific area, membrane con
ductivity, reaction rate constant, mass transfer coefficient, initial con
centration, diffusivity, electrolyte viscosity, standard potential, and 
electrolyte conductivity. The values are between ±1. A value far away 

from zero means the quantity is important, and a value near zero means 
the quantity is less important. The correlation matrix can help to un
derstand the sources of errors. For example, the correlation value for 
initial concentration is − 0.93 for the eEOCV . This provides two in
dications. First, the property “initial concentration” contributes more to 
determination of the cell performance, and second, the algorithms that 
use “initial concentration” to calculate the cell performance are not 
accurate enough, leading to relatively higher eEOCV . The “initial con
centration” is mainly involved in the calculation of equilibrium poten
tial, which is consistent with the eEOCV distribution for EZBattery (Fig. 3
(b)), where the EZBattery model possibly has higher error estimating the 
equilibrium potential, as discussed in Section 3.1. As mentioned in 
Section 3.1, the eIR focus more on cell internal resistances, and the 
correlation values “membrane conductivity” and “electrolyte conduc
tivity” show higher values, which are − 0.54 and 0.48 respectively. This 
is also consistent with the common understanding of the physics-based 
model that the internal resistances mainly rely on these two material 
ionic conductivities. Similarly, both RMSE and ΔEt0 are the overall 
estimation on the errors, so the higher correlation values are on anolyte 
initial concentration, membrane conductivity, and electrolyte 
conductivity.

For summarizing the overall correlation between all the accuracy 
evaluation metrics (RMSE, eEOCV , eIR, and ΔEt0) and the anolyte proper
ties for EZBattery model, a score system is designed. Points are assigned 
based on these conditions: the highest value receives 10 points, and the 
lowest receives 1 point. If two or more values are identical, they receive 
the same number of points. The correlation scores for EZBattery model 
are shown in Fig. 5 the first row. The same correlation matrix evalua
tions were applied to the DeepONet model (10 % to 90 % dataset for 
training), and summarized by the same score system as shown in Fig. 5
in the 2nd row to the 6th row.

Because EZBattery is a physics-based model, the correlation is more 
physically explainable. The initial concentration is related to the esti
mation of equilibrium potential, the membrane and electrolyte con
ductivities are related to the calculation of Ohmic resistance, the specific 
area and mass transfer coefficient are related to the calculation of acti
vation potential. From the scores in Fig. 5, the EZBattery model firstly 
needs to improve the algorithm for the equilibrium potential that can 
minimize the difference between simplified micro-channel geometry 
and the realistic interdigitated large cell designs. For further improve
ments, EZBattery models can also improve the algorithm for the Ohmic 
resistance calculations. For the DeepONet models, since it is completely 
data driven model, it is hard to provide the physical explanations and 

Fig. 5. Correlation score matrix for all the EZBattery and DeepONet models (noted as DON for short in the labels).
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the potential model improvement insights from the sources of the errors 
in Fig. 5. However, it shows that with more data used in the training, the 
errors sources are more evenly distributed among the 10 properties of 
the anolyte candidates. This phenomenon indicates that the machine 
learning model has potential trends to discover and utilize the minor 
relationships in the coupled physic-based governing equations for 
improving the model prediction accuracy.

4. Conclusions and discussions

Two computationally efficient models, EZBattery and DeepONet, are 
introduced and demonstrated for evaluating the commercial scale cell 
performance for potential anolyte candidates in dihydroxyphenazine 
(DHP)-based family of organic materials. The accuracy of the two 
models is evaluated against the 3D multi-physics FEM in the commercial 
package COMSOL. This 3D multi-physics FEM has been validated with 
experimental measurements for vanadium redox flow batteries [14] and 
organic dihydroxyphenazine sulfonate (DHPS) anolyte flow batteries 
[13]. The models are evaluated on examples of 1280 anolyte candidate 
materials at 10 different operating conditions. Both models provide 
considerably accurate prediction of the cell performance with signifi
cantly reduced computational costs. The EZBattery model costs less than 
0.1 s to provide one charging-discharging cycle predictions, and the 
trained DeepONet only costs 0.01 s to provide the similar predictions, 
while the 3D FEM simulation requires around 1 h on 128 CPU cores. A 
summary of the comparisons between the two models are listed in 
Table 2. The trained DeepONet model can provide the prediction faster 
than EZBattery. Although the time cost looks negligible, for the system 
level digital twin, cell diagnosis framework, and autonomous material 
discovery framework, the model needs to provide thousands to millions 
of predictions for different operating conditions and SOCs frequently. 
Therefore, such time cost differences can still lead to huge computa
tional efficiency advantage. The DeepONet, as a machine learning 
model, needs a training dataset, so it is not as flexible as EZBattery to 
adapt to any adjustments on flow battery cell designs. In future work we 
will consider the situation where there is no or insufficient training data. 
In this case, EZBattery can be used to generate data for the DeepONet 
training for fully utilizing the flexibility of EZBattery and the inference 
computation efficiency of DeepONet.

Additionally, EZBattery can be used to evaluate the importances of 
the material properties on cell performance metrics. An example is 
shown in Fig. 6. EZBattery model estimated the performance metrics of a 

Table 2 
Comparisons of the two models: EZBattery and DeepONet.

EZBattery DeepONet

Features • Physics-based model.
• Analytical solution.
• Computational efficient.

• Machine learning model.
• Achieve high accuracy with 

small amount of training data.
• Computational efficient for 

inference.
Pros • Less than 0.1 s to provide one 

charging-discharging cycle.
• The results are explainable.
• Does not need training dataset.
• Can be directly used to predict 

the cell with various cell setup/ 
configuration.

• Less than 0.01 s to provide one 
charging-discharging cycle. The 
trained model costs less than 
EZBattery to predict cell 
performance.

• Higher accuracy than 
EZBattery, if sufficient training 
dataset is provided.

Cons • The model prediction accuracy 
may be limited by the 
assumptions and/or 
simplifications in the model.

• Needs to provide the values for 
all the parameters/properties in 
the model.

• For higher accuracy, the model 
still needs case by case 
calibration with the experiment 
data.

• Need the training dataset.
• Only can predict the cell 

performance within the setup/ 
configurations in the training 
dataset.

• The result is not explainable.

Fig. 6. Correlation between the material properties and the 780 cm2 cell performance metrics.
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780 cm2 cell, such as energy efficiency, discharge capacity, concentra
tion power loss, activation power loss, and Ohmic power loss through 
approximately 10,000 cases. It is evident that higher membrane con
ductivity and more negative standard potential for anolyte lead to 
higher energy efficiency. The higher initial concentration, representing 
solubility, results in higher discharge capacity. The Ohmic power loss is 
primarily controlled by membrane conductivity. The two curves shown 
in the subfigure for membrane conductivity versus Ohmic power loss are 
due to the evaluation of cell performance at only two current densities 
(1600, 2400 A/m2). Due to the extremely high computational efficiency 
of EZBattery model, this example sensitivity analysis required only 
around 1 CPU hour to collect all the necessary data. However, using the 
COMSOL FEM model to collect a similar amount data for such sensitivity 
analysis costed over 1 million CPU hours [69] on high-performance 
computing (HPC) cluster, resulting in significant expense and energy 
consumption.
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