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Abstract: Accurate assessment of the state of health (SOH) is essential for the safe, economical, and reliable operation of all-
vanadium redox flow batteries (VRFBs). However, systems for monitoring their SOH have rarely been studied. In this study, 
capacity retention rate is used to characterize the SOH, and a series of charging/discharging cycling tests is conducted. Based on 
a series of operational parameters and grey relation analysis (GRA), the best health feature subset to characterize the SOH is 
determined. Extreme learning machine (ELM) combined with swarm intelligence algorithms is used to predict SOH, based on 
which the effects of different swarm intelligence algorithms and different activation functions on estimations of SOH 
performance are investigated. Results show that all the models with poor prediction results have a sigmoid activation function, 
indicating that such functions are not capable of predicting SOH. Grey relational analysis based on the LASSO (LGRA) 
algorithm-ELM is more suitable for SOH prediction than the interaction measurement algorithm based on Spearman’s correlation 
coefficient (SCIM) algorithm-ELM model (here, LASSO is the least absolute shrinkage and selection operator). It can not only 
estimate SOH accurately but also predict recession characteristics. The most suitable swarm intelligence algorithm is particle 
swarm optimization (PSO), and the best activation function is linear, in which the maximum error is lower than 0.2%.
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1 Introduction 

With the continuous development of science and 
technology, both the use and demand for energy have 
increased significantly in recent decades. However, the 
overuse of fossil fuels can result in excessive carbon 
dioxide emissions and global warming. The develop‐
ment of renewable and clean energy is one of the most 
effective technologies to address this problem. The 
intermittent and unstable supply of renewable energy, 
including wind and solar power, is a main issue for 
the grid (Guo et al., 2023). Large-scale and safe en‐
ergy storage devices are needed to overcome these 

constraints. All-vanadium redox flow batteries (VRFBs) 
are regarded as one of the most promising energy stor‐
age technologies for clean energy systems, owing to 
their flexible structure, high safety, and long service 
life (Tan et al., 2017). The use of VRFBs can improve 
the stability of the grid and electrical power systems.

In recent years, many studies on redox flow bat‐
teries have been carried out on aspects such as flow 
field optimization, electrode and membrane design, 
and catalyst development. Battery capacity degrada‐
tion and functional failure in commercial operation 
also deserve close attention. The real-time fault and 
state of health (SOH) monitoring of redox flow batter‐
ies is a key research field aiming to improve battery 
performance and efficiency (Ren et al., 2022; Yu et al., 
2022). However, studies of methods for predicting the 
SOH of redox flow batteries are rare. Most studies of 
SOH prediction of electrochemical energy storage 
have been on lithium-ion batteries. Some researchers 
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proposed a data-driven approach, with no need for a 
complex electrochemical reaction model. A data-driven 
approach can use machine learning and other tech‐
niques to build linear or nonlinear prediction models 
to estimate the SOH based on a mass of experimental 
data. Shen et al. (2019) used a deep learning tech‐
nique and combined a deep convolutional neural net‐
work to predict the charging capacity of a lithium-ion 
battery based on voltage, current, and partial charging 
cycles. Their method can accurately measure battery 
capacity online during the charging period with supe‐
rior robustness and accuracy compared to other meth‐
ods. Zhang et al. (2019) proposed a method based on 
the combination of a capacity increment and an artifi‐
cial neural network for estimating the remaining life 
of a lithium-ion battery under constant-current dis‐
charging. They carried out correlation analysis to find 
highly correlated parameters and established a neural 
network model to predict SOH and remaining life. 
After training and validation, results show that this 
method has high accuracy and reliability. Chang et al. 
(2021) established a data-driven approach to estimate 
the remaining life of lithium-ion batteries, which com‐
bines a genetic algorithm, incremental capacity, and a 
wavelet neural network to extract relevant health fea‐
tures. Many relevant experiments conducted for train‐
ing and validation show that the SOH estimation error 
is less than 3%, without considering the effect of tem‐
perature. Meng JH et al. (2018) adopted an image seg‐
mentation method based on a support vector machine 
(SVM) to extract the feature value types related to 
SOH by measuring the voltage response. This produces 
a mass of data types, from which those with the stron‐
gest correlation with SOH can be extracted. This 
method can accurately predict the SOH of a lithium 
iron phosphate battery by using the SVM. The main 
advantage of this method is that the feature extraction 
process is simple. Patil et al. (2015) proposed a cou‐
pling model combining the multilayer SVM and re‐
gression algorithms, based on which the remaining 
life of a lithium-ion battery can be predicted accurately. 
Sui et al. (2021) conducted a comprehensive compari‐
son of SOH estimation methods based on machine 
learning, taking the performance of the algorithm and 
many factors of feature extraction into account. They 
reported that the SVM and artificial neural network are 
the most deeply studied SOH estimation methods. Lin 
et al. (2025) established a machine learning method 
based on physical information for SOH prediction of 

lithium-ion batteries, based on which the average 
error is 0.84% and the minimum error is 0.02%. 
Using their method, the physical aging information of 
the battery is extracted by a fractional-order equiva‐
lent circuit model, which is used as the data basis. 
Wei et al. (2018) proposed an autoregressive exoge‐
nous model integrated with a genetic algorithm and 
recursive least squares, which can simulate the dy‐
namic behavior of VRFBs. The SOH can be estimated 
with excellent fast convergence, prediction accuracy, 
and robustness under uncertain initial states, electro‐
lyte imbalance, and system performance conditions. 
Li PH et al. (2020) proposed a multi-cell shared pre‐
diction framework and designed a long short-term 
memory (LSTM) neural network model, which can se‐
lect historical input data and new data simultaneously. 
After element-wise multiplication, the most useful in‐
formation for SOH and remaining useful life (RUL) 
estimation can be filtered out. The SOH and RUL can 
be estimated accurately, with an average root mean 
square (RMS) of 0.0216 for SOH and 0.0831 for 
RUL, respectively. All the above methods are data-
driven, with excellent robustness and adaptability. 
The data-driven approaches can be combined with op‐
timization algorithms, leading to excellent and fast 
prediction results.

On the other hand, many scholars used a physi‐
cal model-driven approach to predict SOH. This ap‐
proach can describe the internal chemical dynamics 
by establishing mathematical models with physical in‐
terpretability. The physical model-driven approach does 
not need a large amount of data, which further en‐
hances its physical interpretability. Calborean et al. 
(2020) used electrochemical impedance spectra to 
monitor the aging of lead-acid batteries and established 
an accurate mathematical fitting model to predict the 
aging process and remaining life of lead-acid batter‐
ies. Struckmann et al. (2020) developed a physical 
model for SOH to explain the internal chemical be‐
havior of vanadium redox flow batteries using Nernst’s 
equation and an in-situ model based on the Coulomb 
integral method. However, this in-situ monitoring 
method is for half cells. Wang LM et al. (2017) com‐
pared the advantages and disadvantages of cyclic 
voltammetry and differential pressure analysis in SOH 
prediction. They established a lithium iron phosphate 
battery model using an equivalent circuit model based 
on a local data symmetry method, which proves to be 
effective. Li S et al. (2020) proposed an online method 
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for estimating SOH based on an open-circuit voltage 
approach, which is used to predict SOH at the posi‐
tive and negative electrodes of vanadium redox flow 
batteries. An SOH indicator derived from the capacity 
estimation can indicate the need for maintenance or 
repair. Li J et al. (2018) captured the formation pro‐
cess of the solid electrolyte interphase (SEI) layer in a 
single-particle model. By coupling a lithium-ion loss 
model induced via SEI formation with an advanced 
single-particle model that incorporates electrolyte phys‐
ics, rapid prediction of capacity degradation and volt‐
age curve evolution can be achieved. Huang et al. 
(2025) used the voltage response of the battery under 
a predefined current excitation at the beginning of life 
(BOL) as a reference to compensate for modeling un‐
certainties. By applying the same excitation during op‐
eration and comparing the generated voltage response 
with the BOL trajectory, key health-related parame‐
ters can be accurately estimated. In addition, many re‐
searchers have achieved accurate SOH or RUL predic‐
tion by combining physics-based models with data-
driven approaches. For example, physical information 
or equivalent circuit models (ECMs) can be embed‐
ded in neural networks to enhance prediction accuracy 
and model interpretability (Wang FJ et al., 2024; Sun 
et al., 2025; Gu et al., 2026). Feng et al. (2025) com‐
prehensively discussed the main factors affecting the 
accuracy of SOC estimation. Meng X et al. (2025b) 
developed a simplified model for proton exchange 
membrane fuel cells by considering concentration 
and ohmic losses, in which the open-circuit voltage is 
used to enable online estimation of the SOH, achieving 
high prediction accuracy. Subsequently, they devel‐
oped a novel model to overcome the limitations im‐
posed by the recovery mechanism of fuel cells, signif‐
icantly enhancing the model’s realism and practical ap‐
plicability (Meng X et al., 2025a; Chu et al., 2026).

Those studies focus on estimating the SOH of 
lithium-ion or lead-acid batteries. Only two studies on 
redox flow batteries are reported, both of which are 
based on the physical model-driven approach (Ge 
et al., 2021; Yao et al., 2021; Zhao et al., 2023; Lei 
et al., 2024; Gong et al., 2025). Building a rapid real-
time prediction model for redox flow batteries is needed 
urgently. In this paper, the performance of different 
health feature subsets in predicting SOH is investigated, 
and the analytical methods of grey correlation analy‐
sis and interaction measure are compared, based on 

which a data-driven approach of extreme learning ma‐
chine (ELM) is established. A swarm intelligence al‐
gorithm is applied to optimize the connection weights 
of the ELM input layer and the thresholds of the hid‐
den layer to enhance prediction accuracy. Based on the 
predicting error parameters, the estimation performance 
of different swarm intelligence algorithms combined 
with various activation functions is investigated, and 
the method yielding the lowest error is identified.

2 SOH prediction model 

2.1 Definition of SOH

SOH is a crucial indicator that can reflect the 
performance and longevity of a redox flow battery. It 
is significantly affected by the multiple physical pa‐
rameters, including the battery capacity, power out‐
put, internal resistance, cycle number, and energy effi‐
ciency. Although extensive studies have been con‐
ducted on estimation of the SOH lithium-ion batter‐
ies, a standardized definition of SOH for redox flow 
batteries has yet to be established. A physical parame‐
ter that shows a strong correlation with SOH can be 
regarded as a health characteristic. Among these, ca‐
pacity plays a key role in redox flow battery perfor‐
mance. Consequently, in this study we select capacity 
as the representative indicator for SOH evaluation. 
Capacity-based SOH characterization can be described 
by the following equation:

SHC =
Cpresent

Cnew

´ 100% (1)

where SHC denotes the SOH based on capacity charac‐
terization, Cpresent (kWh) is the remaining capacity, and 
Cnew (kWh) represents the rated capacity of the new 
battery.

2.2 Health feature subset

To obtain the accurate SOH of a VRFB, the first 
step is to determine the most appropriate subset of 
health features by conducting charge–discharge cycling 
tests. The relationship between these parameters and 
SOH is complex, and too many parameters are involved 
in redox flow battery operation, including charging/
discharging capacity, charge/discharge efficiency, charg‐
ing energy, capacity retention rate, charging direct 
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current (DC) internal resistance, discharging DC in‐
ternal resistance, and energy efficiency. Determining a 
suitable subset of health features can not only reduce 
computational overhead but also increase prediction 
accuracy. A series of charge–discharge cycling experi‐
ments is carried out, and a model for analyzing the 
impact of interacting parameters is established. The 
battery used in our experiments is the ZSHG-FUEL-
22 with a bolt type single battery fixture, produced by 
the Wuhan Zhisheng New Energy Co., Ltd., China. 
The experimental procedures, equipment specifica‐
tions, and correlation analysis methods involved in 
this study are described in detail in the electronic sup‐
plementary materials (ESM).

2.3 Extreme learning machine

SVM, back propagation (BP), and LSTM net‐
works are widely used algorithms for state prediction. 
Compared to these algorithms, ELM stands out due to 
its high prediction accuracy, fast convergence speed, 
strong generalization capability, and suitability for 
modeling diverse data types (Chen et al., 2024).

In this work, ELM was used as the main algo‐
rithm for SOH prediction of a redox flow battery for 
the first time. An intelligent prediction model based 
on ELM is established. The ELM is a learning algo‐
rithm designed for single-hidden-layer feedforward 
neural networks (SLFNs).

The ELM model (Fig. 1) consists of three layers: 
an input layer, hidden layer, and output layer. In the 
input layer, each node corresponds to a feature vari‐
able, and the number of nodes is determined by the di‐
mensionality of the input data. Each input node is fully 
connected to all neurons in the hidden layer via weighted 
links. The number of hidden neurons can be specified 
depending on the complexity of the task. Input signals 
are transformed in the hidden layer by applying a non‐
linear activation function to the weighted sum of the 
inputs plus a bias term. Notably, the input weights and 
biases are randomly initialized and remain fixed dur‐
ing training. The output layer receives the nonlinear 
feature representations from the hidden layer and pro‐
duces the final prediction through linear combination.

The activation function plays a pivotal role in 
the ELM, as it governs the network’s capacity to model 
nonlinear patterns. By introducing nonlinear transfor‐
mations to the input data, the activation function en‐
ables the ELM to approximate complex relationships 

between inputs and outputs. This mechanism is funda‐
mental to enhancing the model’s representational power 
and improving its generalization performance. In this 
study, four activation functions are selected: rectified 
linear unit (ReLU), linear, tanh, and sigmoid. The 
compatibility of the different activation functions with 
ELM is investigated by comparing their performance 
in SOH prediction.

2.4 Optimal strategy based on swarm intelligence

Although the ELM offers obvious advantages 
such as fast training speed and a simple network struc‐
ture, it suffers from a critical limitation. The input 
weights and biases between the input and hidden lay‐
ers are initialized randomly and fixed throughout the 
training process. This inherent randomness may lead 
to instability across different runs, and may result in 
suboptimal prediction. Additionally, ELM is highly 
sensitive to its initial parameters and lacks a self-
adjustment mechanism for parameter optimization. To 
address these issues, swarm intelligence algorithms are 
used to enhance the stability and predictive accuracy 
of the ELM model both in the regression and classifi‐
cation tasks. Swarm intelligence algorithms are char‐
acterized by their strong global search ability and ca‐
pacity to escape local optima. The integration of swarm 
intelligence algorithms with ELM can explore the 

Fig. 1  Structure of the ELM model. Xn denotes the nth 
input feature. The hidden layer output is represented by 
Oi, which corresponds to the output of the ith hidden 
neuron after activation. Ym is the mth output of the network. 
W is the input weight matrix connecting the input layer 
to the hidden layer, while β is the output weight matrix 
connecting the hidden layer to the output layer
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complex parameter space and identify the optimal set 
of input weights and biases effectively. In this study, 
four optimization algorithms, namely the sand cat 
swarm optimization (SCSO), particle swarm optimiza‐
tion (PSO), dung beetle optimization (DBO), and ant 
colony optimization (ACO), are used to optimize the 
ELM model and improve its overall performance.

2.5 Model parameters

Based on the SCIM (interaction measurement al‐
gorithm based on Spearman’s correlation coefficient) 
and LGRA (grey relational analysis based on the least 
absolute shrinkage and selection operator) analysis, 
the four swarm intelligence algorithms and four activa‐
tion functions are combined, resulting in 32 algorithm 
models for all possible combinations. To evaluate the 
prediction performance of the 32 algorithm models, 
four indicators are used: the mean absolute error 
(MAE, EMA), mean square error (MSE, EMS), mean 
absolute percentage error (MAPE, EMAP), and coeffi‐
cient of determination (R2). MAE represents the aver‐
age level of deviation between the predicted SOH 
and true SOH. A smaller value of MAE means a 
smaller deviation between the predicted value and true 
value. MSE represents the square of the error be‐
tween the predicted and true values, and is more sen‐
sitive to outliers. MSE is used to confirm whether there 
is a large error in the sample. When there is a large 
error in the sample, MSE will increase dramatically. 
MAPE is a widely used parameter for evaluating the 
accuracy of regression models. It can present the aver‐
age magnitude of errors between the predicted and 
actual values, expressed as a percentage of the actual 
values. MAPE can provide a relative measure of error, 
which is particularly useful when the scale of the data 
varies or when comparisons across different datasets 
are needed. R2 reflects the degree of fit between the 
predicted values and real values. When R2=1, the real 
values fit perfectly with the predicted values. When 0<
R2<1, it indicates that the model has some explanatory 
power and fits the data better than using the mean as a 
predictor, though there is still room for improvement. 
When R2<0, it indicates that the model’s fit is very 
poor—worse than simply using the mean value as a 
predictor. These four performance evaluation indexes 
can specifically and comprehensively evaluate the 
overall performance of the model, and more intuitively 
reflect its overall stability and prediction accuracy.

EMA =
1
n∑

i = 1

n

|| yi - ŷi  (2)

EMS =
1
n∑

i = 1

n

( yi - ŷi )
2
 (3)

R2 = 1 -
∑
i = 1

n

( )yi - ŷi

2

∑
i = 1

n

( )yi - ȳi

2
 (4)

EMAP =
1
n∑

i = 1

n |

|
|
||
||

|
|
||
| yi - ŷi

yi

´ 100% (5)

where yi represents the true value of the SOH, ŷi is the 
predicted value, n represents the number of samples, 
and ȳi represents the mean of all real SOHs. R2 is used 
to measure the degree, to which the model explains 
the variance of the data, reflecting the degree of fit be‐
tween the predicted values and real values.

To compare the prediction performance of the 32 
model algorithms, the parameters of ELM are kept 
constant. The swarm size of the swarm intelligence al‐
gorithms is also kept the same. The specific parame‐
ter settings are shown in Table 1.

3 Results and discussion 

3.1 Correlation analysis

For testing the SCIM algorithm, the discharg‐
ing capacity, charging energy, charging capacity, dis‐
charging DC internal resistance, energy efficiency, 
charging and discharging efficiency, are defined as 
x1–x6 (Table 2). The top 20 candidate subsets are fil‐
tered out based on the degree of correlation between 
each physical parameter and the SOH, and are ranked 
in Table 3.

The correlations of the health feature subsets are 
shown in Fig. 2, in which the Z-axis represents the 

Table 1  Specific parameters of the swarm intelligence 

algorithm combined with the ELM model

Parameter

Population size

Maximum number of iterations

Number of hidden neurons in ELM

ELM regularization coefficient, λ

Activation function

ELM smoothing factor, β

Description

200

3000

200

0.1

ReLU, linear, 
sigmoid, and tanh

0.9
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correlation between each health feature subset and the 
SOH, with the intensity of the correlation indicated 
by color. The X-axis denotes the corresponding health 
feature subsets, while the Y-axis represents the num‐
ber of variables in each respective health state subset. 
A correlation closer to 1 indicates a higher correla‐
tion. To obtain more variables, more health states are 
selected, comprising subset 2. The combination of 
charging energy and discharging capacity is chosen as 
the health feature subset.

For testing the LGRA algorithm, the discharging 
capacity, charging capacity, charging energy, charg‐
ing DC internal resistance, and energy efficiency are 

defined as x1–x5 (Table 4). Based on the degree of cor‐
relation between each physical parameter and the 
SOH, the top 20 candidate subsets are filtered out and 
ranked in Table 5.

The correlations of the screening results are shown 
in Fig. 3, where the correlation between health feature 
subsets and SOH is also represented in the form of a 
heatmap. To obtain more variables in the LGRA algo‐
rithm, subset 4 (charging capacity, discharging capacity, 
and charging energy) is selected, because its correlation 
value is equivalent to that of subset 1 and it uses 
three variables rather than one. Since this study con‐
siders the interaction effects of multiple variables 
on the SOH, feature subsets with a larger number of 

Table 3  Health feature subsets selected by SCIM

No.

1

2

3

4

5

6

7

8

9

10

Subset
{x1}

{x1, x2}

{x1, x3}

{x1, x2, x3}

{x2}

{x3}

{x2, x3}

{x1, x2, x3, x4}

{x1, x2, x4}

{x1, x3, x4}

No.

11

12

13

14

15

16

17

18

19

20

Subset
{x2, x3, x4}

{x1, x4}

{x2, x4}

{x3, x4}

{x4}

{x1, x2, x3, x4, x5}

{x1, x2, x3, x4, x6}

{x1, x2, x3, x5}

{x1, x2, x4, x5}

{x1, x3, x4, x5}

Fig. 2  Correlation heatmap based on the SCIM algorithm

Table 2  Input variables used by SCIM

Input variable

Discharging capacity

Charging energy

Charging capacity

Discharging DC internal resistance

Energy efficiency

Charging and discharging efficiency

X

x1

x2

x3

x4

x5

x6

Fig. 3  Correlation heatmap based on the LGRA algorithm

Table 5  Health feature subsets selected by LGRA

No.

1

2

3

4

5

6

7

8

9

10

Subset

{x1}

{x1, x2}

{x1, x3}

{x1, x2, x3}

{x2}

{x2, x3}

{x3}

{x1, x2, x3, x4}

{x1, x2, x4}

{x1, x3, x4}

No.

11

12

13

14

15

16

17

18

19

20

Subset

{x2, x3, x4}

{x1, x4}

{x2, x4}

{x3, x4}

{x4}

{x1, x2, x3, x4, x5}

{x1, x2, x3, x5}

{x1, x2, x4, x5}

{x1, x3, x4, x5}

{x2, x3, x4, x5}

Table 4  Input variable by LGRA

Input variable
Discharging capacity

Charging capacity

Charging energy

Charging DC internal resistance

Energy efficiency

X
x1

x2

x3

x4

x5

6
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variables are selected while ensuring that the correla‐
tion degree remains close to 1.

3.2 Optimal activation function based on LGRA

A comparative analysis of the feature subset se‐
lection capability of the LGRA and SCIM models for 
vanadium redox flow battery health indicators is con‐
ducted. The results show that LGRA outperforms 
SCIM. Therefore, LGRA is adopted as the feature se‐
lection method in this study. Detailed results are pro‐
vided in the ESM.

Although the ELM architecture remains fixed, 
the choice of activation function significantly affects 
its performance. Based on the preceding analysis and 
discussion, LGRA is more suitable for predicting the 
SOH of VRFBs. Therefore, in the subsequent model‐
ing process, the feature subset selected by LGRA is 
adopted as the input for SOH prediction to investigate 
the effects of different activation functions on SOH 
prediction.

Different activation functions yield markedly dif‐
ferent results under the same parameter settings (Fig. 4). 

Moreover, even when using the same activation func‐
tion, the predictive accuracy of ELM varies considerably 
depending on the swarm intelligence algorithm used. 
For instance, the sigmoid function shows strong per‐
formance when combined with PSO and SCSO but 
performs poorly with DBO and achieves the weakest 
results with ACO (Table 6).

Therefore, the main aim here is to identify the 
activation function that, when integrated with ELM, 
delivers the most stable and robust performance across 
various swarm intelligence optimization algorithms. As 
indicated by the preliminary screening results in Fig. 4, 
the tanh and sigmoid functions exhibit inconsistent be‐
havior. In contrast, ELM models optimized with four 
different swarm intelligence algorithms consistently 
achieve superior predictive performance when using 
either the ReLU or linear activation functions.

To further investigate the effects of activation func‐
tions on prediction performance, a secondary analysis 
of data is conducted (Fig. 5). MAE, MSE, and MAPE are 
commonly used metrics to quantify prediction errors. 
Smaller values indicate higher prediction accuracy. 

Fig. 4  SOH prediction results of different activation functions: (a) SCSO-ELM; (b) PSO-ELM; (c) DBO-ELM; (d) ACO-ELM
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Conversely, R2 values closer to 1 signify better model 
performance.

When the linear activation function is used, the 
MAE values for PSO-ELM, SCSO-ELM, DBO-ELM, 
and ACO-ELM are 0.00717, 0.00782, 0.00805, and 
0.02111, respectively, all near zero (Fig. 5). In contrast, 
when using the ReLU activation function, the MAE 
of SCSO-ELM and DBO-ELM increase substantially 
to 0.27276 and 0.22211, respectively, indicating 
lower prediction accuracy under this condition. Simi‐
larly, the MSE values for the four models with the lin‐
ear activation function are close to zero, with the 
maximum MSE reaching only 0.00120. However, 
with ReLU activation, the highest MSE is 0.08132, 
followed by 0.05438, both significantly higher 
than those observed with linear activation. All four 
models using the linear activation function achieves 
R² values greater than 0.99, demonstrating excellent 
model fitting accuracy and overall superior predictive 

Table 6  SOH prediction situations of each model

Optimization 
algorithm

SCSO

SCSO

SCSO

SCSO

PSO

PSO

PSO

PSO

DBO

DBO

DBO

DBO

ACO

ACO

ACO

ACO

Activation 
function

Linear

ReLU

Sigmoid

tanh

Linear

ReLU

Sigmoid

tanh

Linear

ReLU

Sigmoid

tanh

Linear

ReLU

Sigmoid

tanh

SOH

Minimum 
difference

0.00006

0.08219

0.02767

0.01767

0.00041

0.00001

0.00063

0.00088

0.00000

0.08431

0.04977

0.05575

0.00012

0.00022

0.04041

0.46427

Maximum 
difference

0.19344

0.47659

0.29254

0.21894

0.19725

0.19026

0.22230

0.33948

0.20024

0.39813

0.62903

0.22475

0.19928

0.19383

1.41036

0.93467

Fig. 5  ELM evaluation diagram based on four evaluation indicators: (a) MAE; (b) MSE; (c) R2; (d) MAPE
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performance compared to their ReLU counterparts. 
When evaluated by MAPE, the four models with linear 
activation show minimal errors ranging from 0.43% 
to 0.46%, whereas with ReLU activation, SCSO-ELM 
and DBO-ELM have considerably larger MAPE values 
of 8.10% and 6.73%, respectively. In conclusion, these 
results confirm that selecting the linear activation func‐
tion for ELM results in the most stable and accurate 
model performance, particularly when combined with 
various swarm intelligence optimization algorithms.

3.3 Optimal swarm intelligence algorithm

Although ELM models can predict the SOH well, 
different swarm intelligence algorithms give different 
results. For SOH prediction, it is important to confirm 
the optimal or most suitable auxiliary intelligence al‐
gorithm. LGRA has been shown to be suitable for the 
prediction of flow battery SOH. Among the several 
activation functions of ELM, linear has the best per‐
formance. Therefore, the linear activation function 
and LGRA are used here. Fig. 6 illustrates the SOH 
prediction results of different swarm intelligence algo‐
rithms. The prediction performance of all four swarm 
intelligence algorithms is excellent, with a maximum 
error of only 0.2 percentage points (PPs). The predic‐
tion of the models not only shows high accuracy in 
numerical terms but also has a high degree of curve 
fitting, indicating that they can learn the decline char‐
acteristics and fluctuation of the real SOH.

To compare the prediction results of the four 
swarm intelligence algorithms, further data analysis is 
carried out. Fig. 7 visualizes and quantifies the predic‐
tion performance of the model using four evaluation 

indicators. When PSO is used as the optimization algo‐
rithm, the MAE is 0.00717, the MSE is 0.00091, and 
the R² is 0.99905. These three metrics outperform 
those of the other three optimization algorithms, while 
the MAPE is 0.46%, only 0.03 PPs higher than the 
minimum MAPE observed.

PSO shows the best overall performance. It not 
only has low error but also an excellent fitting ability. 
Thus, we conclude that among the 32 algorithm mod‐
els, LGRA-PSO-ELM-linear is the best.

To further investigate its effectiveness, a scatter 
plot of the predicted versus actual SOH values is pre‐
sented in Fig. 8. The actual SOH values are plotted 
along the X-axis, while the corresponding predicted 
values are plotted along the Y-axis. The ideal predic‐
tion outcome corresponds to the 45° diagonal line (Y=
X), representing perfect agreement between predicted 

Fig. 6  SOH prediction results of different swarm intelligence 
algorithms

Fig. 8  Scatter plot of predicted and actual values of the 
LGRA-PSO-ELM-linear model 

Fig. 7  Four evaluation indicators of ELM-linear models
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and actual values. Each black point in the figure repre‐
sents a predicted SOH value. The closer these points 
are distributed around the Y=X line, the smaller the 
prediction error, and the higher the model’s accuracy. 
Moreover, the extent to which the distribution of black 
points aligns with the diagonal line reflects the model’s 
ability to capture the actual SOH degradation trend. 
The dense and near-linear distribution of predicted 
values along this ideal line confirms the robustness and 
high fidelity of the LGRA-PSO-ELM-linear model in 
tracking SOH variations.

3.4 Different output features of ELM

Different subsets of output features are selected 
as inputs to the ELM model to verify the superiority 
of LGRA in feature selection. The LGRA algorithm 
identifies a feature subset consisting of the charging 
DC resistance and charging energy, with a correlation 
value of 0.7541. In the previous experiments, the se‐
lected feature subset composed of charging capacity, 
discharging capacity, and charging energy is referred 
to as subset 1, while the subset consisting of charging 
DC resistance and charging energy is denoted as subset 
2 in this subsection. A comparative analysis is con‐
ducted between the two subsets under identical PSO 
and ELM parameter configurations.

Using the optimal activation function (linear) de‐
termined from the previous experiments, the model is 
executed three consecutive times to mitigate random‐
ness and stochastic effects. The average of the three 
prediction results is adopted as the final evaluation 
metric. Fig. 9 shows that, despite the model being in‐
dependently executed three times, the predicted SOH 
curves remain closely aligned with the actual SOH 
curve, showing only negligible variations. However, 
the prediction performance obtained with subset 2 is 
inferior to that of subset 1. Fig. 9c further presents the 
mean width of the 95% confidence interval correspond‐
ing to subset 1, demonstrating the high confidence 
level of the model and its strong stability, as indicated 
by the minimal fluctuations in output under repeated 
training or sample perturbations.

3.5 Error fluctuation analysis across different cycle 
stages

The optimal model identified in the previous sec‐
tion is used to investigate the prediction error charac‐
teristics at different life stages. In the test dataset, 

the cycle number is used to represent the temporal 
sequence, and the entire test set is evenly divided into 
three stages by using one-third of the total number of 
test samples as the boundary for each stage. The cor‐
responding error fluctuation characteristics are shown 
in Fig. 10. The prediction errors remain relatively low 
during the early and middle stages, while an increasing 

Fig. 9  Prediction results under different feature subsets: 
(a) subset 1; (b) subset 2; (c) average width of 95% 
confidence interval
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trend appears at the late stage. Nevertheless, the over‐
all prediction accuracy is still well maintained.

3.6 Comparison of different prediction models

To investigate the prediction accuracy of differ‐
ent models optimized by the PSO algorithm for SOH 
estimation, we compare the performance of ELM and 
SVM models. Using identical PSO parameters, the 
hyperparameters of both ELM and SVM are optimized 
and their SOH prediction accuracies are compared un‐
der the same set of output features. The parameter set‐
tings of the PSO algorithm are listed in Table 7. The 
comparative results of ELM and SVM under the same 
PSO configurations are shown in Fig. 11. The perfor‐
mance of ELM significantly surpasses that of SVM, 
and the computational time of ELM is substantially 
shorter. These results indicate that, under conditions of 
limited sample size and iteration count, ELM exhibits 
markedly superior computational efficiency and pre‐
diction accuracy compared to SVM.

3.7 Robustness of the model under noisy data

In the process of SOH modeling of redox flow 
batteries, experimental data are inevitably affected by 
both measurement noise and operational disturbances. 
To more realistically evaluate the generalization capa‐
bility of the proposed model under practical engineer‐
ing scenarios, a composite noise structure consisting 

of Gaussian white noise and bounded abnormal pertur‐
bations is introduced at the feature level of the origi‐
nal dataset, thereby emulating the data uncertainty 
encountered during long-term operation of real flow 
battery systems.

First, Gaussian white noise is used to simulate 
random measurement errors introduced by sensors 

Fig. 11  Comparison of prediction effects between ELM and 
SVM: (a) predictive performance of ELM; (b) predictive 
performance of SVM; (c) comparison of the average 
predicted values of ELM and SVM

Table 7  PSO parameter settings

Parameter
Number of particles, Np

Maximum number of iterations, Tmax

Inertia weight, w
Cognitive learning factor, c1

Social learning factor, c2

Value
10
50
0.8
1.5
1.5

Fig. 10  Box plot of SOH prediction errors under different 
cycle periods
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monitoring voltage, current, temperature, and other 
operational variables in practical experiments. The 
noise intensity is set to 0.2% of the normalized feature 
magnitude, which is consistent with the typical accu‐
racy range of laboratory-grade data acquisition systems. 
This noise level does not significantly distort the sta‐
tistical distribution of the original signals, while effec‐
tively assessing the robustness of the model against 
small-amplitude random disturbances. Owing to its 
zero-mean and independent identically distributed char‐
acteristics, Gaussian white noise does not carry sys‐
tematic degradation information, but purely represents 
measurement uncertainty, thereby imposing more strin‐
gent requirements on model stability.

Furthermore, to better approximate the complex 
operating conditions encountered in real flow battery 
applications, a small proportion of bounded abnormal 
perturbation points is also incorporated. The propor‐
tion of such perturbations is set to 1%, with the distur‐
bance amplitude constrained within ±5%, aiming to 
emulate non-ideal operating events such as pump speed 
fluctuations, transient instability of electrolyte flow 
rate, and abrupt electrochemical polarization variations. 
Unlike conventional extreme outliers, these perturba‐
tions are strictly bounded in magnitude and further con‐
strained by normalization-based clipping, ensuring that 
all features remain within physically feasible ranges 
and avoiding the introduction of non-physical data con‐
tamination. This design is more representative of the 
“weak anomalies under strong constraints” commonly 
observed in engineering practice.

Note that noise is introduced exclusively at the 
input feature level, while the SOH labels are kept un‐
changed. This treatment is motivated by the physical 
nature of SOH evolution in flow batteries, which is in‐
herently gradual and reflects long-term degradation 
processes rather than instantaneous operational fluctu‐
ations. Consequently, measurement noise predomi‐
nantly affects observable operational features rather 
than the health state. This strategy preserves the physical 
consistency of the learning objective and prevents error 
propagation caused by artificially induced label noise.

Under the specified noisy conditions, the PSO-
ELM model using a linear activation function shows 
superior prediction accuracy and stability. This indi‐
cates that, after prior feature selection and normal‐
ization, the input variables are already capable of effec‐
tively capturing the dominant degradation mechanisms 

governing SOH evolution. Introducing additional non‐
linear mappings may instead amplify random noise 
and abnormal perturbations, leading to overfitting to 
local disturbances. In contrast, linear activation func‐
tions inherently provide a noise-averaging effect in 
high-dimensional feature spaces, suppressing the in‐
fluence of unstructured disturbances on model outputs 
and resulting in a smoother and more stable PSO opti‐
mization process.

In summary, the introduced noise is not designed 
to artificially enhance model performance, but rather 
to construct a realistic disturbance scenario grounded 
in actual flow battery operating environments. The su‐
perior performance of the PSO-ELM-linear model 
under these conditions further validates the effective‐
ness of the selected feature set in characterizing SOH 
degradation mechanisms. Moreover, it shows that, in 
uncertainty-dominated environments, an appropriately 
constrained model complexity is more conducive to 
achieving robust and reliable health state prediction. 
The prediction results of different models under noisy 
conditions and the corresponding noise configurations 
are shown in Fig. 12 and Table 8.

Fig. 12  Phenotypic characteristics of models with different 
activation functions under noisy data

Table 8  Specific configuration of noisy data

Noise type

Gaussian white noise

Bounded perturbation

Physical constraint 
clipping

Mathematical 
formulation

x′=x+σN(0, 1)

x′=x+δ, δ∈[−5%, 5%]

x′∈[0, 1]

Disturbance 
ratio

0.2%

1% of samples

x and x′ denote the original and perturbed data, respectively. σ is the 
standard deviation of Gaussian noise, N(0, 1) represents a standard 
normal distribution, and δ is a bounded perturbation term within a 
predefined range
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4 Conclusions 

In this study, an SOH estimating model is estab‐
lished based on an ELM and swarm intelligence algo‐
rithm. A series of charging/discharging cycle tests is 
conducted, and eight operating parameters are extract‐
ed as health feature subsets, which are selected by 
the SCIM and LGRA algorithms. The Spearman’s 
correlation coefficient and gray relation coefficient 
are used to evaluate and select the optimal health fea‐
ture subsets, identifying charging capacity, discharg‐
ing capacity, and charging energy as health feature 
subsets. The effects of different swarm intelligence al‐
gorithms and different activation functions on SOH 
estimation performance are studied based on 32 predic‐
tion models. The results show that the sigmoid activa‐
tion function is incapable of predicting SOH be‐
cause all models using that function have poor pre‐
diction performance. The most suitable swarm intel‐
ligence algorithm is PSO, and the best activation 
function is linear, which has a maximum error lower 
than 0.2%. The superiority of LGRA and ELM is 
further confirmed by comparing different models 
and input features. Furthermore, robustness tests are 
conducted for different models by simulating noisy 
environments, and the above conclusions remain 
valid.
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