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Abstract

Aqueous organic redox flow battery (AORFB) is a promising cost-competitive

technology for large-scale energy storage. Among AORFBs, the dihydrox-

yphenazine (DHP)-based AORFB has demonstrated high energy density and

low-capacity degradation in small-scale lab tests. However, its commercial

scale performance remains unknown. This work comprehensively evaluates

the performance of a 780 cm2 DHP-based AORFB by combining a physics-

based numerical model, machine learning (ML)-based surrogate models, and

ML-derived sensitivity quantification. Specifically, we first select 12 bat-

tery parameters that include 10 physicochemical and 2 operation quantities.

12800 combinations of these parameters are subsequently generated using the

Latin Hypercube Sampling. Together with 38 pre-defined State of Charge,

such combinations are integrated into a validated AORFB model developed

in COMSOL to compute 6 performance metrics. The parameters and perfor-
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mance data are then used to train 60 deep neural network (DNN) surrogate

models for further sensitivity score calculation. Two additional sensitivity

analysis tools (MARS and SHAP) are also used to cross-validate the sensitiv-

ity scores from the DNN. The results demonstrate that 1) standard potential

ranks first in controlling energy efficiency (EE) and charging energy, 2) mem-

brane conductivity is most critical for power loss and EE, and 3) specific area

and reaction rate control activation power loss.

Highlights

• A hybrid numerical-ML framework is proposed for large-scale AORFB

performance study

• Over 400,000 cell voltage and 10,000 battery performance data are

generated

• The sensitivity of 6 cell performance metrics to 12 parameters is studied

• Standard potential ranks as top 2 control of energy efficiency and charg-

ing energy

• Membrane conductivity ranks as top 2 control of power loss and energy

efficiency

Keywords: Aqueous organic redox flow battery, battery performance,

operation conditions, physicochemical parameters, machine learning

1. Introduction

Vanadium redox flow battery (RFB) is one of the most mature grid-scale

and long-duration energy storage solutions for intermittent wind and solar en-

ergies [6, 8, 9, 37, 45]. High cost of vanadium, however, is a cost-barrier for its
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large-scale deployment [9, 31]. Aqueous Organic RFB (AORFB), which uses

organic active materials in one or both sides of the cell, is a cost-competitive

solution because active organic species can be synthesized from low-cost and

abundant materials [10, 17, 25, 26]. One of such materials is the dihydrox-

yphenazine (DHP)-based organic materials family, which has demonstrated

a reversible capacity of 67 Ah/L and 0.02% capacity degradation rate per

cycle over 500 cycles [17]. However, such performance is achieved in ideal-

ized lab environments using a small (i.e., 10 cm2) cell [17]. It is not clear

how such performance will respond to the flow and active species concen-

tration heterogeneity in large cell and the diverse conditions of real-world

environments, which poses a barrier for its commercial-scale demonstration

and deployment.

From previous research on inorganic and organic RFBs, it is found that

the diverse environments can affect battery performance by modulating key

parameters of the cell microstructure, electrolyte physicochemical proper-

ties, membrane properties, and operating conditions [3, 4, 17, 45]. The cell

size can also affect cell performance by regulating the heterogeneity in flow

and active species concentration distributions [13, 43]. To gain a compre-

hensive understanding of the effects of cell size and environment-modulating

parameters, a cell size much larger than the typical lab-scale is firstly needed.

Additionally, an approach that can quantify the cell voltage and performance

using various cell microstructure, electrolyte physicochemical properties, and

membrane properties under various flow rate and current density conditions

is needed. The first requisite is achievable by using a 780 cm2 interdigitated

cell developed by PNNL team [30]. The second requisite can be generally
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achieved using either experiments or numerical modeling or their both. How-

ever, considering the high costs in labor, time, and materials preparation,

large-scale AORFB experiments can only be performed a few times and used

as validation data for physics-based numerical models. The validated numer-

ical model is best suitable for generating the cell voltage and performance

data by changing the key parameters of the numerical model. A previous

work by Zeng et al. [43] demonstrated the feasibility of using COMSOL

Multiphysics® to simulate the potentials and performance of a 780 cm2 cell

with a DHP-family material and ferro/ferricyanide as working electrolytes.

Such a model provides the basis to generate cell performance data. However,

this model takes about 128 CPU hours to simulate one charge-discharge cy-

cle with around 38 SoC points, which is time- and computing-prohibitive for

a comprehensive sensitivity study because we need to vary 12 independent

parameters for each charge-discharge cycle.

To reduce the computational costs, further assumptions or steps are

needed. The first assumption is to assume the physicochemical parameters of

the positive electrode and electrolyte are constant because the ferro/ferricyanide

catholyte is much more well-known than the organic anolyte. With this as-

sumption, this work only considers the effects of the parameters in negative

cell as listed in Table 1. Second, we used the Latin hypercube sampling (LHS)

method to generate 1280 samples for 10 parameters at each given flow rate

and current density, which could generate near random and uniform samples

of the key parameters. With such sampling parameters and the fixed param-

eters in positive cell, around 1000 validate cell voltage and performance data

can be generated from the COMSOL model in step 3. With the sampled
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parameters and COMSOL-generated performance data, we trained machine

learning (ML)-based surrogate models to represent the relationship between

the battery performance and input parameters at each given flow rate and

current density using three approaches: a newly developed DNN model, the

Multivariate Adaptive Regression Splines (MARS) model, and the SHapley

Additive exPlanations (SHAP) model. These models can be used to quantify

the relative importance of each input parameter in the targeting cell perfor-

mance metrics and identify the dominant factors controlling cell performance.

It is worth mentioning that the DNN is selected because the data sets used

for surrogate model training are non-distributed and non-sequential. Such

data sets are not preferred for use with Convolutional Neural Networks or Re-

current Neural Networks models that work best with spatial and sequential

data, respectively[18]. The SHAP is selected due to more rigorous theoretical

basis, better global interpretability, and wider applications than the Local

Interpretable Model-agnostic Explanations (LIME) approach [27].

Following these steps, the paper is organized as follows. Section 2 in-

troduces the hybrid numerical-ML framework as well as the details of pa-

rameter selection, sampling, cell performance generation using COMSOL,

performance data processing and subsequent sensitivity quantification us-

ing DNN, MARS, and SHAP. Section 3 introduces the details of experiment

setups for COMSOL validation. Section 4 reports the results of COMSOL

model validation, DNN training accuracy, and the dominant factors that con-

trol the cell performance, as well as multi-model comparison for sensitivity

score quantification. The final discovery is summarized in Section 5.
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Figure 1: The geometric structure of a 780 cm2 cell developed at PNNL (a), its hetero-

geneous flow field (b), as well as representative molecule structures of the DHP family (c).

Blue arrows in (a) represent the direction of flow.

2. Methods

2.1. Framework

The sensitivity study is conducted using a hybrid numerical and machine

learning model framework as shown in Figure 2. With it, we first select 12

influential parameters on battery performance, including 10 physicochemical

parameters and 2 operation parameters (a), then generate 486,400 samples

of the combinations of physicochemical parameters, state of charge (SoC),

and operation parameters (b). These parameters are sent to a 780 cm2

AORFB numerical model, which is developed in COMSOL, a finite element

software, to obtain the cell voltage and its potential components for each

sample parameter (c). The numerical model yields 306,140 valid results,

from which, 10,300 valid cell cycle performance data are computed (d). Such

numerical model-derived performance data (of the size 10300 × 6) are then

combined with the corresponding parameters (of the size 10300 × 12) to
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train 60 deep neural network (DNN) models. These 60 DNNs represent

surrogate models between the 6 performance metrics and the physicochemical

parameters at a given flow rate (5 values) and current density (2 values).

These DNN models are then used to quantify the sensitivity score of the

input parameters to the performance metrics. The details of each step are

introduced in the following sections.

Figure 2: A hybrid numerical and deep neural network (DNN) framework for redox flow

battery performance sensitivity analyses.

2.2. Parameters selection and sampling

Based on our previous work [3–5, 43, 44], we selected 10 physicochemical

parameters and 2 operation parameters as key factors that can potentially im-

pact the battery performance. The physicochemical parameters include the

specific area of the negative electrode, membrane ionic conductivity, mass

transfer coefficient; the reaction transfer coefficient, reaction rate constant,

and standard potential of the DHP redox couple; as well as the diffusivity,
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viscosity, ionic conductivity, and initial concentration of DHP anolyte. The

operation parameters include pump flow rate and current density. Tempera-

ture is another typical operation parameter, however, its impact on battery

performance is not explicitly considered in this work because all the experi-

ments for the 780 cm2 cell are conducted in a controlled laboratory environ-

ment. Nevertheless, the temperature effect can be inferred indirectly through

the random sampling of the physicochemical parameters that vary with tem-

perature. The range of operation parameters are 0.4, 0.8, 1.2, 1.6, and 2.0

L/min for pump rate and 1600 and 2400 A/m2 for current density, both of

which are determined from experiment setups. The range of physicochemical

parameters is derived based on a baseline case for 7,8-dihydroxyphenazine-2-

sulfonic acid (DHPS), which has measured parameters [17]. We set ±50% of

the baseline values as the sample range of these parameters. The details of

the sample range can be found in Table 1. Different from the rest parameters,

the range of the standard potential, in relation to the Standard Hydrogen

Electrode (SHE), of the DHP-family materials are derived from both previ-

ous experiment database [1, 2, 7, 15, 16, 19–24, 28, 32–36, 38–42] and our

newly developed graph-based Gaussian processing regression algorithm [14].

Our new algorithm is trained from existing database and can predict the

redox potential of organic molecules such as quinones and phenazines with

various functional groups at different positions.

After we determine the range of these parameters, we use the Latin hy-

percube sampling (LHS) approach to generate 1280 samples for each given

flow rate and current density. Because battery voltage varies with SoC, we

selected 38 SoC with 19 for discharge and 19 for discharge. The range of SoC
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is between 0.025 and 0.85 to represent a typical range. In total, we generated

486,400 (= 1280×38×5×2) parameter combinations for physicochemical pa-

rameters (1280), SoC (38), flow rate (5), and current density (2). These

parameters are only used for the anode. For the cathode, the parameters

are determined from experiments and kept unchanged for all simulations. A

full list of the parameters used for cathode can be found in Supplementary

Information. After generating these parameters, they are sent to COMSOL

to solve the coupled flow and reactive transport equations to obtain cell

voltage and its contributing components such as equilibrium, concentration,

activation, ohmic potentials in both cathode and anode as we as the mem-

brane ohmic potential. The details of the COMSOL model are introduced in

Section 2.3.

Table 1: Sensitivity parameters and their range.
ID Name Unit Baseline Min Max Mean
1 Reaction transfer coefficient 1 0.50 0.30 0.70 0.50
2 Electrode specific area 1/m 5.9e4 1.2e4 1.2e5 6.5e4
3 Membrane conductivity S/m 0.833 0.5 2.0 1.25
4 Reaction rate constant m/s 1.47e-4 1.0e-8 1.5e-3 5.9e-4
5 Mass transfer coefficient 1 1 0.5 50 25.25
6 Initial concentration mol/m3 1000 50 1500 775
7 Reactant diffusivity m2/s 4.81e-10 4.88e-11 4.81e-9 2.43e-9
8 Electrolyte viscosity Pa.s 3.4e-3 1.0e-3 1.2e-2 6.5e-3
9 Reactant standard potential V NA -1.4 -0.1 -0.75
10 Anolyte conductivity S/m 10 10 100 55
11 Pump flow rate L/min NA 0.4 2 1.2
12 Current density A/m2 NA 1600 2400 2000

2.3. Cell geometry and COMSOL modeling

Prototype stack development has been taken in PNNL for over 10 years.

The basic unit of this up-to-date stack is the 780 cm2 interdigitated cell. The
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much higher energy efficiency has been achieved for this interdigitated design

as comparison to conventional flow-through design [29]. This unit interdigi-

tated cell with active area of 780 cm2 is employed as model geometry in this

study (Figure 1a). This cell has width of 0.3 m (Figure 1b horizontal dimen-

sion) and length of 0.26 m (Figure 1b) vertical dimension). There are six inlet

flow channels and five outlet channels. The manifold is used to distribute

the electrolyte uniformly into each inlet channel. The electrode thickness is

0.64 mm and the membrane thickness is 50.8 µm. The fabrication and test-

ing demonstration of this cell for vanadium has been presented in reference

[29]. In this study, the PNNL-developed alkaline organic anolyte DHPS is

modeled following the same setting as our prior work [43]. In brief introduc-

tion, four coupled physics has been considered in the model: the transport

of electroactive species, electrochemical reaction kinetics, electrical field, and

flow field. It is noted that there are two electrons transferred for DHPS elec-

trolyte and only one electron transferred for ferro/ferricyanide electrolyte.

Therefore, the reaction kinetics, described by the extended Bulter-Volmer

equation, present different form. In addition, the governing equations in flow

channel manifold are different than those in porous electrode, due to the lack

of electrochemical reaction. The detailed governing equations of the model

and mesh setups can be found in our prior work [43]. The simulation is

conducted in COMSOL Multiphysics software. Stationary solver is used to

simulate situation at different SoC condition. The flow field is solved first

since it is independent with other physics. Then, species transport, reaction

kinetics and electrical field are solved by fully coupled solver.

To facilitate automated feeding of the sampling parameters to the COM-
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SOL, two Matlab scripts were developed to write anode sampling parameters

(10 physicochemical parameters and 2 operation conditions) and SoC values

to formats readable by COMSOL. The outputs from COMSOL for each case

were also converted to a standard csv format using a Matlab script for fur-

ther model validation, data processing, and ML. Due to the non-uniformity

in velocity and local current density, the COMSOL outputs the cell voltage

(Ec) and the power attributed to equilibrium (Peq), activation (Pact), ohmic

(Pohm), and concentration (Pcon) for both electrodes as computed by Equa-

tions 1 – 4. Here the Eeq, Eact, ηohm, and Econ denote the spatially varying

equilibrium, activation, ohmic, and concentration potentials. The i and a is

the local current density and specific area. And dV is the volume of a single

mesh. The calculated power is a function of SoC and also a function of time

(t). The conversion of SoC to time is achieved through Equations 5 – 6 with

tc and td representing charge time and discharge time. Other symbols denote

starting SoC in charge (SoCc
s), number of electrons in anode (n), Faraday

constant (F ), anode tank volume (Vt), total concentration in anode (CN),

and current (It), ending SoC in charge (SoCc
e), and the ending time of charge

(tec).

Peq =

∫
V

Eeq · i · a · dV = Peq(SoC) = Peq(t) (1)

Pact =

∫
V

Eact · i · a · dV = Pact(t) (2)

Pohm =

∫
V

ηohm · i · a · dV (3)

Pcon =

∫
V

Econ · i · a · dV = Pcon(t) (4)
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tc = (SoC − SoCc
s) · nFVtCN/It (5)

td = (SoCc
e − SoC) · nFVtCN/It + tce (6)

2.4. Data cleaning and processing

The COMSOL modeling provides 10 variables (i.e., cell voltage, equilib-

rium, activation, concentration, ohmic power in positive and negative, as well

as membrane ohmic power) that vary with SoC (or time). To make sure the

simulated data have a representation of the varying SoC, we only keep the

cases that have at least 5 data points in both charging and discharging. This

results in 306,140 valid points out of 486,400 sampling points and 10,300

valid voltage curves out of 12,800 sampling curves, which means the ratio

of valid points and curves are around 62.9% and 80.5%, respectively. From

these data, we compute the battery performance via 6 metrics, including

energy efficiency (EE), discharging capacity, charging energy, concentration

power loss, activation power loss, and ohmic power loss. These metrics are

calculated by Equations 7 – 12. It is worthy noting that the Coulombic effi-

ciency is set to 1, and therefore, the time during discharging equals the time

of charging.

EE =

∫ tde

tds

Ec · It · dt/
∫ tec

0

Ec · It · dt (7)

cd = (tde − tds) · It (8)

ec =

∫ tec

0

Ec · It · dt (9)

pcon = (

∫ tec

0

Pcon · It · dt+
∫ tes

tds

Pcon · It · dt)/(tde − tds) (10)
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pact = (

∫ tec

0

Pact · It · dt+
∫ tes

tds

Pact · It · dt)/(tde − tds) (11)

pohm = (

∫ tec

0

Pohm · It · dt+
∫ tes

tds

Pohm · It · dt)/(tde − tds) (12)

2.5. DNN model and sensitivity score

Based on the data processing approach, we generated a battery perfor-

mance database of the size 10,300 rows and 19 columns. The 19 columns

including 12 sampling parameters, 6 battery performance metrics, and bat-

tery charging time. In the sampling parameters, we have 5 flow rates and 2

current densities. We split the whole datasets into 10 groups with each group

represents a single flow rate and current density. If denoting the dataset for

each group by X and their row and column number by nr and nc, then nc =

19 and nr has minimum, mean, and maximum values of 765, 1130, and 1120,

respectively. For each dataset X, we trained 6 DNN models. The input of

these DNN models are the 10 sampling parameters, and output is one of the

6 battery performance metrics. If denoting the inputs by x⃗ = [x1, xi, ..., x10]

and output by yj, then each trained DNN represents a surrogate physical

model in the format of yj = DNN j(x⃗; I,Q) with I and Q representing the

given current density and flow rate.

The DNN weighs are obtained through training using Tensorflow. The

ratio of data used for training, validation, and testing is 80.75%, 4.25%, and

15%, respectively. The training target is to minimize the average squared

error between the training data (i.e., battery performance data) and the

DNN-predicted values using the Adam optimizer. Other important parame-

ters for the DNN include DNN size of 256×512×256, learning rate 1e-4, and
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batch size 8. During the training, we recorded the minimum cost at each step

(Figure 4a blue line), and compare any new cost (Figure 4a purple square)

with the recorded minimum cost in each step. The final DNN is the model

that reaches the minimum cost for the first time and stays unchanged for

1500 new training steps. The convergence history of the costs during the

training is illustrated in Figure 4.

With the trained surrogate model, we compute the sensitivity of a spe-

cific sample parameter (xi) to the target (yj) using input parameter random

shuffle method. Specifically, we first compute the testing cost (denoted by

Costj,0i ) using the testing input parameters x⃗ = [x1, xi, ..., x10]; then we re-

place such input parameter by x⃗S = [x1, x
S
i , ..., x10] with xS

i representing the

randomized values of xi; then we calculate the cost of the shuffled inputs (de-

noted by Costj,Si ); and finally compute their difference as Costj,Si − Costj,0i .

Such a cost difference is used to quantify how sensitive of the target battery

performance (via surrogate model DNNj) to the specific input parameter

(xi). By applying this procedure to all the 10 input parameters, the relative

sensitivity of each parameter can be calculated by Equation 13.

SCj
i (I,Q) =

Costj,Si (I,Q)− Costj,0i (I,Q)∑10
1

[
Costj,Si (I,Q)− Costj,0i (I,Q)

] (13)

2.6. MARS

To evaluate whether the DNN model causes systematic bias, we also

analyzed the importance of those 12 parameters with the MARS method.

The MARS technique is a nonlinear regression model commonly used for data

regression and sensitivity analysis. This method, proposed by Friedman in

14



1991, extends the capabilities of traditional recursive partitioning regression

models, providing a more versatile framework for analyzing complex data

sets [11, 12]. At the core of the MARS approach is the surrogate model, f̂M ,

which is expressed as a sum of a set of basis functions:

f̂M(x) =
M∑
i=1

ciBi(x) (14)

Each basis function Bi(x) can be a constant, a hinge function, or a product of

two or more hinge functions. This structure allows the model to capture both

piecewise linear relationships and complex interactions between variables.

The flexibility of the MARS method enables users to customize the model

complexity by selecting an appropriate number and type of hinge functions.

The coefficients ci represent the weights of the basis function Bi(x), are

determined by minimizing the residual sum of squares (RSS), defined as

Equation 15.

RSS =
n∑

i=1

(yi − f̂(xi))
2 (15)

This process involves adjusting the coefficients to minimize the observed and

predicted values, thereby improving model predictive accuracy.

The selection of basis functions is conducted in two stages: forward se-

lection and backward elimination. During forward selection, basis functions

are added sequentially, with each new function chosen based on its ability to

reduce the training error the most. This process continues until the number

of basis functions reaches a predefined maximum. To address potential over-

fitting from forward selection, backward elimination is performed. In this

step, the generalized cross-validation (GCV) score is used as the elimination
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criterion, calculated as Equation 16.

GCV =

1
N

∑N
i=1

(
yi − f̂M(xi)

)2

(
1− C(M)

N

)2 (16)

The numerator represents the mean RSS of the MARS model and the N

here stand for the total number of observations in the simulations. The term

C(M) represents the effective number of parameters, which penalizes the

addition of excessive basis functions.

To assess the influence of each input parameter on the AORFB perfor-

mance metrics, the sensitivity score is derived using the GCV scores. For

each input parameter, the basis functions involving that parameter are re-

moved from the trained model f̂M(x). A new GCV score is then calculated

for the model without that input parameter. The sensitivity score for each

parameter is determined by subtracting the full-model GCV from the GCV

of the reduced model:

si = GCV(Mxi
)−GCV(M) (17)

A higher sensitivity score si indicates a significant increase in model error

when the corresponding parameter is excluded, suggesting that this input

parameter has a greater impact on the output compared to others.

2.7. SHAP

The SHAP library has emerged as a potentially pivotal instrument in the

field of machine learning model interpretation and explainability. As ma-

chine learning models grow in complexity and find applications in various

16



domains, understanding the rationales behind their predictions becomes in-

creasingly crucial. SHAP offers a comprehensive framework for attributing

the contribution of individual features to predictions, granting insight into

the ”black-box” nature of intricate models. SHAP values are rooted in Shap-

ley values from cooperative game theory, a concept that assigns a value to

each player in a coalition based on their contribution to the total outcome.

SHAP values aim to provide local explanations for individual predictions.

For a specific instance, SHAP values quantify the impact of each feature on

the prediction compared to a baseline or average prediction. This feature

importance provides an explanation as to why a particular prediction was

made by identifying which features had the most influence. SHAP values

adhere to certain axioms like consistency and fairness, which makes them

reliable for interpretation across different models and use cases. They of-

fer a consistent way of attributing feature importance, enabling meaningful

comparisons between different predictions and models.

In this study, the 60 trained DNN models as introduced in Section 2.5

were loaded into SHAP explanation model. A SHAP value is calculated

for each input value, resulting in 12 SHAP values for each output. Posi-

tive SHAP values indicate features that push the output prediction higher,

while negative values indicate features that pull the prediction lower. The

total range that an input parameter (physicochemical properties and oper-

ation conditions) can adjust on the output parameter is used as the overall

importance score of this input parameter on the selected output parameter.
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3. Experiments

To confirm the accuracy of the developed numerical model, experimental

data have been collected for validation purposes. An interdigitated flow

cell is assembled by sandwiching a Nafion membrane (N212) between carbon

electrodes, where the carbon electrode consists of two carbon clothes (Elat H)

for anode and cathode each. The carbon cloth is selected due to demonstrated

higher power capability, lower pressure drop, and shorter flow path in the cell

when it is paired with our advanced interdigitated stack design. The porous

electrodes are heated-treated in air at 400 °C for 6 hours prior to use. The

electrode is embedded into the cavity (0.3 m × 0.56 m × 0.64 mm in width,

length, and thickness) of bipolar plates with a compression ratio of around

20%. The active cross-sectional area is 780 cm2.

To prepare the electrolyte, VOSO4·xH2O (where x is experimentally de-

termined as 4.33) is dissolved in mixed acid (hydrochloric and sulfuric acid).

The acquired electrolyte is a solution of 2 M Vanadium in 2 M H2SO4 and 5 M

HCl. The addition of chloride ions not only increases the concentration but

also reduces the viscosity of the electrolyte. Two reservoir tanks each with 2

L of electrolyte were used for both the anode and cathode sides. The room

temperature is controlled at 25 °C. In full cell cycling, the cut-off voltage for

charging is 1.75 V and 1.0 V for discharging. After completing one cycling

test, several minutes of cool-down period is applied to reduce the effect of

rising temperature prior to the next cycling test. It is worth mentioning that

such experiments are conducted only for the vanadium flow battery to study

how the heterogeneity in flow and species concentrations caused by larger

cell size affects the overall battery performance. Such an approach, i.e., us-
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ing vanadium in large stack cell, is also used by a commercial company to

validate the performance of its organic chemicals due to similar viscosity and

flow distributions between the two materials. In this work, large-cell organic

flow battery experiments have not been completed due to the high demand

of the organic materials. The PNNL stack test bench consists of 3-gallon

(11.36 L) tanks and centrifugal chemical pumps. The minimum amount of

DHPS required to run the test bench is 0.6 kg which is a huge amount in

lab-scale test because DHPS is not commercially available now. However,

experiments on small cell AORFB using DHPS have been reported in our

previous work [43].

4. Results and discussion

4.1. Model validation for COMSOL

Because the DNN, MARS, and SHAP need the COMSOL data as train-

ing and testing data, it is critical to evaluate the accuracy of the 780 cm2

AORFB model in reproducing cell voltages. Figure 3 compares the voltage

data from COMSOL and experiment over typical SoC ranges with 3 flow rates

used in the large call vanadium RFB experiments. The result demonstrates

that COMSOL can well reproduce the experiment data. By interpolating the

experiment data to the same SoC used in COMSOL, the root mean square

between the two data during charging is 9.38, 18.49, and 19.39 mV for flow

rate at 0.39, 0.78, and 1.17 L/min, respectively. Those during discharging are

10.63, 20.77, and 16.46 mV, respectively. The maximum absolute relative er-

rors between the two data during charging are 1.22%, 2.55%, and 2.36% and

those during discharging are 1.18%, 3.92%, and 2.97%, respectively. These
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results confirm the quantitative accuracy of the COMSOL model in repro-

ducing the cell voltage in a large cell using vanadium electrolyte. Though

experiment data of large-cell organic RFB are not available, our previous

work demonstrated that the cell voltage can be well reproduced for small-

cell organic RFB [43]. These results suggest the validated large-scale RFB

model for vanadium is likely applicable to large-scale organic RFB modeling.

Figure 3: The comparison of cell voltage between COMSOL and experiments at pump

rate 0.39 (a), 0.78 (b), and 1.17 (c) L/min with identical current density 2400 A/m2. The

experiments are performed for 780 cm2 vanadium RFB.

4.2. DNN training accuracy

As mentioned in Section 2.5, we trained 60 DNN models with each rep-

resenting a combination of one flow rate (total 5), one current density (total

2), and one performance metric (total 6). Figure 4a shows the evolution of

the training and validation costs with respect to the training step for en-

ergy efficiency. The result suggests the training cost can decrease to a much

smaller value, however, the validation cost will not improve after a certain

step. The final model is determined as the model whose validation cost is

minimum and shows no improvement for 1500 steps. Such selection can
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guarantee sufficient training but without overfitting. The comparison of the

well-trained DNN prediction with the COMSOL for training (Figure 4b) and

testing (Figure 4c) suggest sufficient and accurate training. The 1:1 com-

parisons and their quantitative error metrics, i.e., root mean squared error

(RMSE), coefficient of determination (R2), and mean absolute percentage

error (MAPE) of all 60 cases during training and testing can be found in

Supplementary Information. The results show that the R2 varies between

0.965 and 1.000 during training and that varies between 0.912 – 1.000 during

testing. For the MAPE, it varies between 0.12% and 5.96% during training

while varies between 0.27% and 7.41% during testing. These metrics suggest

that the accuracy of each DNN model is sufficient to characterize the effects

of key parameters on battery performance despite a small portion of points

with higher errors in model 8, 14, 35, etc.

Figure 4: The evolution of the training and validation costs for one DNN (a), the 1:1

comparison between the COMSOL (ground-truth) and the predictions of a well-trained

DNN during training (b) and testing (c). Testing data are independent of training data.

4.3. Sensitivity scores for energy efficiency, capacity, and energy

With the validated DNN models, sensitivity scores can be computed as

mentioned in Section 2.5. Figure 5 shows the sensitivity score of energy effi-

21



Figure 5: The sensitivity score of energy efficiency (a), discharging capacity (b), and

charging energy (c) with respect to 10 physicochemical parameters at 5 flow rates and 2

current densities. Units of flow rate and current density are L/min and A/m2, respectively.

ciency, discharge capacity, and charging energy at 5 flow rates and 2 current

densities. The result shows that standard potential and membrane conduc-
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tivity are the two major contributors to energy efficiency, with standard

potential ranking as the most important factor controlling energy efficiency

across all flow rates and current density. The reaction rate constant ranks

the third for controlling the energy efficiency, while other parameters are

not important. For the discharge capacity, the initial concentration of the

organic active species is the dominant factor. Other parameters are not im-

portant for controlling the discharge capacity at most flow rate and current

density except for the scenario with the lowest flow rate and highest current

density. At the low flow rate and high current condition, the reaction rate

constant contributes to around 10% of impacts on the discharging capability.

For the charging energy, it is mainly controlled by the initial concentration

and standard potential of the organic species with the initial concentration

ranked as top control factor. Similar to the discharging capacity, the reaction

rate constant contributes to around 10% impact on charging energy at low-

est flow rate and highest current density. Overall, the battery performance

is majorly controlled by standard potential, membrane conductivity, initial

concentration across various flow rates, and current density. At very low flow

rate and very high current density, the performance is also affected by the

reaction rate constant in addition to the three major factors.

4.4. Dominant factors for power losses

To further evaluate the power losses, Figure 6 shows the sensitivity score

of three power losses with respect to the 10 physicochemical parameters over

multiple flow rates and current densities. The result shows that concentration

power loss is mainly controlled by four parameters, including the electrolyte

conductivity, specific area, reaction rate constant, and initial concentration,
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Figure 6: The sensitivity score of power losses due to concentration (a), activation (b),

and ohmic (c) over-potentials.

with electrolyte conductivity ranked as the most critical factor. The dom-

inant control factor for activation power loss is different, which is mainly
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controlled by reaction rate constant and initial concentration for most of the

cases. Other factors, e.g., mass transfer rate, and specific area, contribute

a small portion of the activation loss. The control factor of ohmic power

loss is much simpler, which is mainly controlled by membrane conductivity.

Considering that ohmic power loss dominants the overall power losses, it is

most critical to improve the membrane conductivity to reduce overall power

losses and improve battery performance.

4.5. Sensitivity rank cross comparison

To further evaluate the impact of sensitivity quantification methodol-

ogy (Step e in Figure 2), we applied the same input and output data to

two additional widely used sensitivity quantification methods, i.e., MARS

(Section 2.6) and SHAP (Section 2.7). The top 3 factors that control the

6 performance metrics based on the DNN, MARS, and SHAP are summa-

rized in Table 2. The raw data used to derive such a figure can be found

in the Supplementary Information. The result shows that sensitivity scores

obtained from MARS are equivalent to those obtained from DNN. For the

SHAP method, sensitivity scores are identical for energy efficiency, charging

energy, concentration power loss, and activation power loss. However, they

have minor differences in discharging capacity and ohmic power loss. Figure

7 shows the comparison of the sensitivity score of ohmic power loss derived

from the three methods. It can be observed that the DNN model suggests the

membrane conductivity is the only important factor, while MARS suggests

both membrane conductivity and electrolyte conductivity are important, al-

though the electrolyte conductivity has a much smaller impact. In contrast,

the SHAP result suggests that the additional 5 factors, including electrolyte
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Table 2: The top 3 control factors of battery performance derived from DNN, MARS,

and SHAP.

Method Performance Metrics S
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T
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R
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e

DNN

Energy Efficiency 1 2 - - 3 -

Discharging Capacity - - 1 - 2 -

Charging Energy 2 - 1 - 3 -

Concentration Power Loss - - 3 1 2 -

Activation Power Loss - - 2 - 1 -

Ohmic Power Loss - 1 - - - -

MARS

Energy Efficiency 1 2 - - 3 -

Discharging Capacity - - 1 - 2 -

Charging Energy 2 - 1 - 3 -

Concentration Power Loss - - 3 1 2 -

Activation Power Loss - - 2 - 1 -

Ohmic Power Loss - 1 - - - -

SHAP

Energy Efficiency 1 2 - - 3 -

Discharging Capacity - - 1 - 2 3

Charging Energy 2 - 1 - 3 -

Concentration Power Loss - - 3 1 2 -

Activation Power Loss - - 2 - 1 -

Ohmic Power Loss - 1 - 2 - -

The 2nd and 3rd important factors are ignored when their contributions are

too small compared to the most dominant factors.
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Figure 7: A comparison of the sensitivity score of ohmic power loss concerning 10 pa-

rameters from DNN, MARS, and SHAP.

conductivity, reaction rate constant, initial concentration, mass transfer rate,

and specific area, together contribute to around 30% of the sensitivity score in

addition to the membrane conductivity. This result suggests that all methods
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are adequate to identify the most influential factors controlling the battery

performance, but the SHAP can further evaluate the importance of less in-

fluential factors. These results also suggest that the flow rate and current

density do not affect the relative importance of the most influential factors,

but affect the quantitative accuracy, especially at high current and low flow

rate scenarios.

5. Conclusions

This work demonstrated a hybrid numerical and machine learning frame-

work for evaluating the performance of an aqueous organic redox flow bat-

tery. Specifically, a numerical model is firstly developed within COMSOL

platform and validated with experiment data for both small-scale (10 cm2)

organic RFB and large-scale (780 cm2) inorganic RFB. Following its vali-

dation, we generated 10,300 performance data with each representing the

dependence of 6 performance metrics to 10 physicochemical parameters and

2 operational conditions. With these performance data, 60 DNN-based sur-

rogate models are trained to represent the relationship between one of the 6

performance metrics and physicochemical parameters at 5 flow rates and 2

current densities. With such DNN-based surrogate models, sensitivity score

of each performance metric with respect to the 10 physicochemical parame-

ters at a given flow rate and current density can be computed and normalized

to evaluate their relative importance.

Based on the sensitivity score, dominant factors that control the bat-

tery performance are identified. Specifically, the results demonstrate that 1)

standard potential ranks first in controlling energy efficiency and charging
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energy, 2) membrane conductivity is most critical for power loss and energy

efficiency, and 3) specific area and reaction rate control activation power

loss. Such discovery is not affected by the sensitivity quantification methods

such as MARS and SHAP, however, less influential factors are most easily

identifiable by SHAP but not DNN and MARS. This work provides a com-

prehensive perspective of the effects of various physicochemical parameters

and operation conditions on large AORFB performance, which could guide

future AORFB research and commercialization.

29



Acknowledgments

This research was supported by Energy Storage Materials Initiative (ESMI),

which is a Laboratory Directed Research and Development Project at Pa-

cific Northwest National Laboratory (PNNL) and U.S. Department of En-

ergy (DOE) Office of Electricity’s Rapid Operational Validation Initiative

(ROVI). PNNL is a multiprogram national laboratory operated for the U.S.

Department of Energy (DOE) by Battelle Memorial Institute under Contract

no. DE-AC05-76RL01830.

30



References

[1] Amini, K., Kerr, E.F., George, T.Y., Alfaraidi, A.M., Jing, Y.,

Tsukamoto, T., Gordon, R.G., Aziz, M.J., 2023. An extremely stable,

highly soluble monosubstituted anthraquinone for aqueous redox flow

batteries. Advanced Functional Materials, 33, 2211338. doi:10.1002/

adfm.202211338.

[2] Cao, J., Tao, M., Chen, H., Xu, J., Chen, Z., 2018. A highly reversible

anthraquinone-based anolyte for alkaline aqueous redox flow batteries.

Journal of Power Sources, 386, 40–46. doi:10.1016/j.jpowsour.2018.

03.041.

[3] Chen, Y., Bao, J., Xu, Z., Gao, P., Yan, L., Kim, S., Wang, W., 2021a.

A two-dimensional analytical unit cell model for redox flow battery

evaluation and optimization. Journal of Power Sources, 506, 230192.

doi:10.1016/j.jpowsour.2021.230192.

[4] Chen, Y., Bao, J., Xu, Z., Gao, P., Yan, L., Kim, S., Wang, W., 2023. A

hybrid analytical and numerical model for cross-over and performance

decay in a unit cell vanadium redox flow battery. Journal of Power

Sources, 578, 233210. doi:10.1016/j.jpowsour.2023.233210.

[5] Chen, Y., Xu, Z., Wang, C., Bao, J., Koeppel, B., Yan, L., Gao, P.,

Wang, W., Litao, Y., Peiyuan, G., Wang, W., Yan, L., Gao, P., Wang,

W., 2021b. Analytical modeling for redox flow battery design. Journal

of Power Sources, 482, 228817. doi:10.1016/j.jpowsour.2020.228817.

31

http://dx.doi.org/10.1002/adfm.202211338
http://dx.doi.org/10.1002/adfm.202211338
http://dx.doi.org/10.1016/j.jpowsour.2018.03.041
http://dx.doi.org/10.1016/j.jpowsour.2018.03.041
http://dx.doi.org/10.1016/j.jpowsour.2021.230192
http://dx.doi.org/10.1016/j.jpowsour.2023.233210
http://dx.doi.org/10.1016/j.jpowsour.2020.228817


[6] Choi, C., Kim, S., Kim, R., Choi, Y., Kim, S., Jung, H.y., Yang, J.H.,

Kim, H.T., 2017. A review of vanadium electrolytes for vanadium redox

flow batteries. Renewable and Sustainable Energy Reviews, 69, 263–274.

doi:10.1016/j.rser.2016.11.188.
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