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Abstract 
This work investigates the development of a Nonlinear Autoregressive with Exogenous Input (NARX) Artificial Neural 
Network (ANN) model to predict the dynamic State-of-Charge (SOC) of a Li-ion battery (LIB) using voltage and Electro-
chemical Impedance Spectroscopy (EIS) data. To optimize the model’s performance, extensive ANN parameter adjustments 
were investigated and various data structuring techniques were explored. It was found that directly inputting all EIS data 
corresponding to different SOC levels led to a significant decrease in predictive accuracy. Specifically, the root mean square 
error (RMSE) for SOC prediction increased by approximately 40% when using frequency-separated EIS data. In contrast, 
utilizing EIS data from a specific SOC level (0%) significantly improved the model’s performance. By selectively excluding 
input features with lower input–output correlation, the RMSE was reduced by 62%, outlining the significant advantage of 
using EIS measured at 0% SOC. This result highlights the importance of careful data selection and preprocessing in enhancing 
the accuracy and efficiency of NN-based SOC estimation. The findings of this study provide valuable insights into the optimal 
data structuring and feature selection strategies for developing accurate and efficient NN models for battery SOC prediction.

Graphical abstract

Keywords  Neural networks · Dynamic process · Electrochemical impedance spectroscopy · Electrochemistry · Data 
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Introduction

The rapid growth in the adoption of electric vehicles (EVs), 
including e-scooters, e-bikes, e-trucks, and other forms of 
e-mobility, has been remarkable over the past decade. By 
2022, the number of electric cars on the road surpassed 26 
million, marking a 60% increase from 2021 and more than 
five times the number recorded in 2018 (Trends in electric 
light-duty vehicle–Global EV Outlook 2023–Analysis—
IEA). This growth aligns with the goals outlined in the Paris 
Action Agenda on Electro-Mobility and Climate Change 
(The Paris Agreement—UNFCCC). When comparing the 
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technological readiness of available batteries, lithium-ion 
batteries (LIBs) continue to dominate [1, 2].

A comparative analysis of various battery chemistries 
based on critical factors such as energy density, power den-
sity, cycle life, calendar life, and cost per kWh highlights the 
superiority of LIBs as a leading technology for the foresee-
able future. LIBs offer excellent energy density, efficiency, 
and an extended lifespan, with potential for significant short-
term improvements [3–5]. However, sudden temperature 
changes can severely impact battery performance, leading 
to incidents like fires and battery destruction due to over-
charging [3, 4, 6]. These safety concerns are particularly rel-
evant for the use of LIBs in EVs. Additionally, the increased 
demand for LIBs and the complexity of their architecture 
necessitates the development of highly accurate and reli-
able battery management systems (BMSs). The BMS plays 
a crucial role in estimating the state of charge (SOC) and 
state of health (SOH) of the battery, assessing its ability to 
deliver specific output and its remaining useful life [3]. It 
also accurately evaluates battery aging and degradation [7]. 
The SOC for a battery in operation is estimated using highly 
correlated external variables such as voltage, current, charge, 
and impedance [7, 8]. Advanced mathematical models can 
determine the SOC based on these externally measured vari-
ables. The advantage of using external measurements is that 
they do not affect battery performance, allowing variables to 
be observed without disabling the battery [9].

Recent applications of LIBs have introduced new sce-
narios requiring unique or updated models. Consequently, 
numerous SOC models are now available to both the public 
and industry. These models generally fall into four catego-
ries: direct methods, adaptive methods, book-keeping meth-
ods, and hybrid methods. Direct methods are often impracti-
cal for in-use batteries, while adaptive methods can estimate 
SOC using indirect measurements [10]. Machine learning 
(ML) methods are particularly attractive due to their abil-
ity to adapt and identify patterns with simple computations, 
requiring no physical understanding of the system and offer-
ing lower computational costs [11, 12].

The goal of a neural network (NN) model is to replicate 
the natural structure and processes of the brain’s neural path-
ways and synapses. There are numerous architectural designs 
that alter the processing and handling of input data, each 
with unique benefits and drawbacks. Some popular archi-
tectures include the multilayer perceptron (MLP), highly 
adaptable and widely applicable across fields involving func-
tion approximation, classification, and prediction [13, 14]; 
the long short-term memory (LSTM), known for contribu-
tions in gaming, Google speech recognition, and modelling 
applications involving long-term patterns [15–17]; the basic 
feed-forward NN (FNN); the convolutional NN (CNN), 
famous for its advancements in computer imaging along 
with natural languages and radiology applications[18–20]; 

the wavelet NN (WNN), used in time-series predictions, 
function approximations, and high frequency data [21]; and 
many more. The ANN design used in this study is the non-
linear autoregressive with exogenous input (NARX) NN. 
It specialises in time-series data and forecasting, using a 
special step delay between input and output of the NN. The 
NARX model’s success in time-series predictions suggests 
that it could be applied successfully to the high frequency 
time-series prediction of SOC for LIBs. While alternative 
methods may also show promise, the NARX model has the 
unique time-step characteristic which implies additional 
complexity to the changes in data-structuring techniques, 
thus increasing the interest of this work.

It is clear that ANNs can vary greatly in design and pur-
pose, however, all ANN designs include some basic ele-
ments such as nodes/synapses, neurons/pathways, an input 
layer, hidden layers, an output layer, and weights. Nodes 
represent the datapoints or values held at the junction of 
several neurons. An ANN with four inputs will have four 
nodes in the input layer. If the subsequent hidden layer has 
ten nodes and is “fully connected” to the input layer, then 
each input node will have ten neurons connecting to each 
node in the hidden layer. The nodes also carry weights, these 
represent the significance of the node and are adjusted after 
every iteration based on the difference between the expected 
and predicted output, or the error. The neurons, or pathways 
linking one node to another, represent activation functions. 
Activation functions, or transfer functions, are functions 
that map the input to a desired domain. The most popular 
activation functions include the sigmoid, hyperbolic tan-
gent, and ReLu functions. Each of these functions uses a 
different equation to map an input x to a desired domain, 
(0,1), (−1,1), [0, x] , respectively [22], [23].

For each iteration of input data processing through the 
hidden layer/s to the output layer, the error between pre-
dicted and expected output is calculated and fed into the 
training algorithm. There are many training algorithms that 
can be applied to the ANN model; however, they all follow 
the basic goal which is to use the error to adjust the weights 
of the nodes in the NN such that the next iteration has a 
lower error than the previous iteration. Popular choices for 
training algorithms include the gradient descent algorithm, 
the Adam algorithm, and the Levenberg–Marquardt algo-
rithm, and many more [24–26]. The choice between these 
methods is determined by balancing the model predictive 
performance and the computational cost. An effective train-
ing algorithm will avoid local error minima and quickly 
approach the global error without excessive computational 
cost. ANN models also encounter problems with overfitting 
to the training data and failing to adapt to new data [27]. 
These issues can stem from several parameters such as the 
initial weight distribution, learning rates, architectural fac-
tors, data arrangement, and feature classification.
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When preparing an ANN, the data in which the model 
is to be trained must be considered carefully. ANNs, as 
mentioned, process data in a way that mimics the human 
brain. Therefore, like a person stimulated with confusion 
and chaos, their performance and judgement will suffer; 
similarly, an ANN fed unorganised and misleading data 
will not perform as desired. This is why data is “cleaned” 
before being used in ANN models. Cleaning data can mean 
several things: separating data into different variables, nor-
malisation, combining similar data to a single variable, 
training–testing data ratio, etc. These operations can greatly 
influence the output of the model, and the number of itera-
tions needed for pattern recognition. Furthermore, once the 
data are cleaned, the ANN must be calibrated to receive the 
data and produce a successful output with that dataset. The 
calibration of an ANN refers to the adjustable parameters of 
the NN and training algorithm such as the hidden layer size, 
number of hidden layers, learning rates, initial weight/bias 
distribution, activation functions, and others. The Experi-
mentation and Methodologies section discusses the details 
of the NARX ANN parameter selection for this study. This 
paper will focus on initial weight and bias distribution and 
the data arrangement. Additionally, it will address the effect 
of using similar data that can confuse the model.

Results and discussion

The experimental procedure included data collection and 
measurements resulting in a total of 66 pairs of impedance 
measurements for each SOC reading (from 0 to 100% SOC 
with 25% increments). However, there was a total of nearly 
9000 voltage measurements. This is problematic as ANNs 
require data to have equal length vectors for each input vari-
able. Therefore, the data required cleaning. This section will 
discuss the results from each cleaning approach, followed 
by the effect of the initial weight distribution of the NARX 
model.

The EIS data are generally presented in a Nyquist plot 
with the vertical and horizontal axis being imaginary and 
real impedance, respectively. Each pair of impedance val-
ued correspond to a specific frequency. The frequency val-
ues were not included in the dataset. The EIS data could be 
arranged in two obvious ways: first, arranging it such that the 
real or imaginary impedance measured at a specific SOC is 
identified as a single input feature. Thus, Re(Ω) and Im(Ω) 
for each SOC from 0 to 100% gives a total of ten separate 
input features. The second obvious way involves using only 
the Re(Ω) and Im(Ω) as the input features but stacking the 
results such that they align with the charge and discharge 
cycles ranging from 0 to 100% and back to 0% again. The 
method used successfully here is the former, which is fed 
into the NARX model with the structure presented in Fig. 1. 

Fig. 1   NARX model structural diagram from MATLAB R2023b



	 M. Rae et al.

The EIS does not represent a dynamic process on the same 
timescale as the voltage and capacitance variables; rather, 
the EIS represent the internal structure and characteristics 
of the battery. Furthermore, the EIS measured at 0% SOC 
is indicative of different internal variables compared to that 
of the EIS measured at other SOCs. Including all of the 
EIS data for each SOC value does not improve the model. 
Figure 2 shows high variance and error observed when run-
ning training the model several times with no changes made 
in between each attempt. This is seen by the large spread 
of predicted datapoints on the left hand graph of Fig. 2, 
clustering around the expected curve with a large spread, 
particularly on the first and third slopes, indicating large 
variability between attempts 1 through 6. Furthermore, 
the ANN configuration does not change between attempts, 
highlighting that the variability is derived from the inherent 
randomisation in the training process. This is because the 
training algorithm uses random initial weights in the hid-
den layer. Therefore, each time the model is trained, it faces 
a new initial weight distribution and the individual itera-
tions of the training process are different. A robust model 
will overcome the difference and produce the same results, 
however, the NARX ANN with this set of input data does 
not exhibit this characteristic. The reappearance of similar 
output curves over more numerous repetitions indicates that 
the NARX ANN model is being trapped in different local 
minima depending on the trial or identifying the same pat-
terns in the training data that are not accurate representations 
of the physical processes at hand; this is sometimes referred 
to as overfitting to the training data.

Figure 3 demonstrates the improvement of the model 
predictions when using just one SOC (0% SOC) for the 
EIS data. Figure 3 shows a smaller spread of data points 

clustering around the expected output compared to Fig. 2. 
This highlights that the reduction in input dimensionality to 
include only the 0% SOC EIS allows the model to produce 
more consistent results between each attempt. This is likely 
due to the model being less confused by the overwhelm-
ing number of input features and causing it to draw cor-
relation rather than causation trends between the inputs and 
output. However, the output in Fig. 3 is not optimal, vari-
ation between training attempts is still clear, although it is 
reduced, and the RMSE tends to be less. These drawbacks 
can still be attributed to the inherent randomisation of the 
model, however, they can also be a result of the training 
algorithm or the noise in the dataset. It is clear by compar-
ing Fig. 2 and Fig. 3 that the additional EIS measured when 
SOC is > 0% causes the model to become less robust.

The alternative method for arranging the data is to 
separate the EIS measurements by frequency. To do this, 
the EIS measurements are ordered such that the SOC at 
which it was recorded corresponds to the voltage cycles 
for discharging from 0 to 100 to 0 percent SOC. There-
fore, as EIS was measured at 25% increments, there are 9 
measurements of impedance at each frequency per cycle. 
As the EIS was measured three times—before cycling, 
after 50, and after 100 cycles—there is a total of 54 values 
for Re(Ω) and Im(Ω) at each frequency. In this alternative 
set-up, each frequency represents an individual input fea-
ture. 23 Frequencies with both imaginary and real imped-
ance gives 46 input features related to EIS. Therefore, the 
model now has a total of 48 input features and just 1 output 
feature. The model performance is demonstrated in Fig. 4. 
It is clear that the performance of the model is poor—pre-
dicted datapoints in Fig. 4 have an error up to 25% and 
display oscillations where a relatively linear line should be 

Fig. 2   Six separate attempts to train the NARX model using EIS from all SOC values and the exact same model configuration to demonstrate 
variance in output predictions. Presented both as raw output (left) and change in RMSE for each trial (right)
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observed. This is likely due to the overwhelming amount 
of data fed into the ANN to predict a single output with 
a coarse dataset. The total of 46 input features with less 
than 100 total datapoints for each is possibly too coarse 
for training the model without the mistaken identification 
of patterns of correlation rather than causation. Although 
the model prediction with 46 input features is not perfect, 

it is still capable of detecting an overall pattern similar to 
the SOC, therefore, it has identified some significant pat-
terns using frequency-specific EIS data as an input. This 
indicates that there may be potential for refining the data 
in this layout and use specific frequencies and their respec-
tive impedance as a unique input feature that represents a 
specific internal property of the battery cell.

Fig. 3   Six separate attempts to train the NARX model using only the 0% SOC EIS data and the exact same configuration to demonstrate vari-
ance in output predictions. Presented both as raw output (left) and change in RMSE for each trial (right)

Fig. 4   NARX model predictions 
when using EIS data where 
each frequency reading is input 
as a unique feature, amounting 
to 46 input features to predict 
capacitance
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Conclusion

This study has demonstrated the critical role of data pre-
processing and feature selection in the development of 
accurate ANN models for predicting the SOC of a LIB 
based on EIS data. A key finding from this study demon-
strated that providing the ANN model with excessive input 
data can lead to decreased performance. In this case, using 
EIS data corresponding to all SOC levels resulted in high 
variability and poor predictive accuracy, as evidenced by 
the error curves in Figs. 2, 3, and 4. The average RMSE 
when using all SOC EIS data was 0.1702295, whereas 
the average RMSE when using EIS from only 0% SOC 
was 0.1093943; a 62% decrease in RMSE. This reduction 
in RMSE indicates a significant improvement in model 
performance when the input data is limited to a specific 
SOC level.

Furthermore, it was observed that separating EIS data 
based on frequency did not enhance the model’s predictive 
capability. The predicted output against the known out-
put when using the frequency-separated EIS data demon-
strated a clear lack of correlation and significant prediction 
errors. This suggests that the correlation between specific 
frequency components and battery capacitance is complex 
and requires further investigation.

The results of this study indicate that further research 
should be done on feature extraction and identification to 
optimise the ANN model prediction accuracy and con-
sistency. Furthermore, future research and investigation 
should carefully consider the preprocessing procedures to 
optimise the ANN model performance. Considering these 
factors during future research on alternative ANN struc-
tures, modelling methods, and other battery state predic-
tion or analysis will ultimately result in more accurate and 
reliable ANN models and BMSs, improving the battery 
longevity and performance.

Methods

The study focused on commercial cylindrical cells, specifi-
cally the Samsung INR18650-35E, which feature a graph-
ite anode and a lithium-nickel-manganese-cobalt-oxide 
(NMC) cathode. The key specifications of these cells are:

•Nominal capacity: 3.40 Ah.
•Nominal voltage: 3.60 V.
•Maximum voltage: 4.20 V.
•Minimum voltage: 2.65 V.
•Nominal charging current: 1.70 A.
•Nominal discharging current: 8.00 A.

The experimental procedure was as follows:

1.	 Initial cycling: Two cycles of charging and discharging 
at 0.1 C.

2.	 EIS measurement: Electrochemical Impedance Spec-
troscopy (EIS) was measured at every 25% SOC during 
charging and discharging at 0.1 C.

3.	 Cycling for degradation: The cell was cycled at 0.5 C for 
50 cycles using 80% of the voltage range.

4.	 Repetition: steps 1 and 2 were repeated every 50 cycles.

A ZKETECH EBC-X battery tester was used for bat-
tery cycling. Electrochemical Impedance Spectroscopy 
(EIS) measurements during 0.1 C cycling were carried 
out at the Biologic VMP3 measurement station, covering 
a frequency range from 100 kHz to 30 mHz with a volt-
age amplitude of 10 mV. This procedure provided meas-
urements taken before cycling, after 50 cycles, and after 
100 cycles. Consequently, three sets of EIS, voltage, and 
capacitance data were used for modelling the LIB SOC.

The data attained from this procedure and used in this 
study includes EIS, charging and discharging voltages ( Vc 
and Vd ), and charge ( Q ). The EIS is measured at several 
SOC intervals during the charging and discharging pro-
cess and the voltage and charge is measured continuously. 
Preprocessing of the experimental data is minimal; it 
involves the capacitance calculation which can be calcu-
lated at any point during the charge and discharge cycles 
using C =

Q

V
 . Furthermore, the EIS data produced a series 

of two-dimensional vectors corresponding to the real and 
imaginary impedance ( Re(Ω) and Im(Ω) ) for a specific 
frequency—a total of 25 frequencies are used in each EIS 
measurement. EIS was recorded at 0%, 25%, 50%, 75%, 
and 100% for charging cycle, and then again in reverse for 
the discharge cycle. EIS data were initially arranged in 
pairs of columns for Re(Ω) and Im(Ω) which were further 
labelled under their respective SOC during measurement. 
The specific frequencies of the impedance measurements 
were not recorded; however, the same frequencies were 
used each time EIS was measured. All data were stored 
and pre-processed in Microsoft Excel spreadsheets before 
being restructured and pasted into text files for use in 
MATLAB R2023b.

Implementing the NARX ANN involved the selection of 
several parameters such as learning rate, hidden layer size, 
number of layers, and training algorithm. These param-
eters are set based on a combination of experience, judg-
ment, and trial and error. For this work, the NARX NN 
was designed with one hidden layer of size 10. That is, the 
layer following the input layer had 10 nodes, it was fully 
connected to the preceding input layer and the proceed-
ing output layer. The hidden layer size was determined by 
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expecting a size in the neighbourhood of 20 based on the 
input size and general simplicity of the output curve. Fol-
lowing this with trial and error found a hidden layer with 
10 nodes to be a good fit based on performance, ignoring 
computational cost as the difference between 10 and 40 
nodes had minimal impact in this case. The learning rate 
� was determined by trial and error, starting from the com-
mon � = 0.01 . By comparing the performance after each 
attempt, the best learning rate was found to be � = 0.081 . 
As a rule of thumb, additional layers will add complexity 
to the model and thus good performance with one hidden 
layer does not encourage the addition of more hidden lay-
ers, therefore, one hidden layer was used for the NARX 
ANN. As this work was designed to evaluate the effect of 
data structuring on the performance of the NARX architec-
ture, these specific parameters were maintained throughout 
the study to isolate the effects of data structuring.
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