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Abstract: Accurate evaluation of health status of lithium-ion batteries must be deemed as of great

significance, insofar as utility and safety of batteries are of concern. Lithium plating, in particular, is

notoriously known to be a chemical reaction that can cause deterioration in, or even fatal hazards

to, the health of lithium-ion batteries. Electrochemical impedance spectroscopy (EIS), which has

distinct advantages such as fast or non-destructive over its competitors, suffices in detecting lithium

plating and thus has been attracting increasing attention in the field of battery management, but its

ability of assessing quantitatively the degree of lithium plating remains largely unexplored hitherto.

On this point, this work seeks to narrow that gap, by proposing an EIS-based method that can

quantify the degree of lithium plating. The core conception is to eventually circumvent the reliance

on state-of-health measurement, and use instead the impedance spectrum, to acquire an estimate on

battery capacity loss. To do so, the effects of solid electrolyte interphase formation and lithium plating

on battery capacity must be first decoupled, so that the mass of lithium plating can be quantified.

Then, based on an impedance spectrum measurement, the parameters of the fractional equivalent

circuit model (ECM) of the battery can be identified. These fractional ECM parameters are received

as inputs by an artificial neural network, which is tasked to establish a correspondence between the

model parameters and the mass of lithium plating. The empirical part of the work revolves around

the data collected from an aging experiment, and the validity of the proposed method is truthfully

attested by dismantling the batteries, which is otherwise not needed during the actual uptake of the

method.

Keywords: artificial neural network; lithium plating quantification; equivalent circuit model;

parameter identification; feature parameters extraction

1. Introduction

As lithium-ion batteries are becoming an increasingly popular choice for electric vehicles, power

grid energy storage among other application areas, higher requirements have been placed on the

detection technology of battery state. Battery aging, regardless of its cause, lowers the reliability of

the battery and may eventually lead to disastrous failures. For instance, under suboptimal charging

conditions, such as low temperature, high current rate, or overcharging, lithium ions can deposit

on the surface of the graphite anode in the form of metallic lithium—this phenomenon is known as

“lithium plating” [1]. Lithium dendrites resulting from lithium plating have the potential to penetrate

the separator, which can in turn short circuit the battery and thus initiating a thermal runaway [2].

Even in the absence of lithium dendrite formation, lithium plating can cause deterioration in battery

capacity [3]. Therefore, detecting and quantifying the degree of lithium plating ought to be regarded as

one of the key areas of focus in research and practices pertaining to lithium-ion battery management.

Due to the aforementioned importance, numerous methods for lithium plating detection have

been proposed, and surveys on that are also available [4]. These methods, based on their underlying

working mechanisms and scientific principles, can be classified at least into four kinds, each with its

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 May 2023                   doi:10.20944/preprints202305.0249.v1

©  2023 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202305.0249.v1
http://creativecommons.org/licenses/by/4.0/


2 of 14

benefits and disadvantages: (1) direct observation methods [5–8], (2) reference electrode methods [9,10],

(3) voltage curve methods [11,12],and (4) electrochemical impedance spectroscopy methods [13–15].

These four classes of methods are to be briefly reviewed in what follows.

Direct observation methods, as the name suggests, directly analyze the internal structure and

element distribution of batteries with lithium deposits, by optical and chemical means [16,17]. This

class of methods has played a significant role in studying the relationship between lithium plating

phenomenon and batteries operating conditions [6]. For example, electron microscopy is used to

observe the morphology of the electrodes of aged batteries. And the chemical titration method

has been utilized for quantitative analysis of lithium plating inside batteries by disassembling the

batteries. Notwithstanding, the practicality of this method is hindered by several challenges. First

and foremost, such methods typically require expensive observation equipment and tedious titration

experiments that last over long periods of time, which suggest that the methods are often associated

with high monetary and time costs. Aside from cost issues, many technical procedures of this class of

methods necessitate the disassembly of the battery, thereby compromising its continued use, and thus

disqualifying the methods as being suitable for operational purposes. These drawbacks no doubt place

great emphasis on the need for developing more efficient and cost-effective techniques for studying

lithium plating [18].

The reference electrode methods are techniques used to study the electrochemical behavior of

battery electrodes by setting up a three-electrode system. Through introducing a reference electrode,

the potential and impedance of the battery positive electrode and negative electrode can be measured

separately. This makes it easier to investigate lithium plating, which primarily occurs at the negative

electrode of batteries. Technique-wise, some studies have shown that when using lithium alloy as

the reference electrode, the phenomenon of lithium plating occurs when the potential of the negative

electrode relative to the reference electrode drops below 0 V, and the degree of lithium plating is

significantly correlated with the impedance between them [19]. Be that as it may, owing to the fact

that few commercial batteries would actually opt for a three-electrode structure, the application of

this class of methods has been limited to laboratories hitherto. Additionally, the accuracies of these

methods vary substantially across different materials and structures of the reference electrode, which

implies that the universality and transferability of these methods cannot be guaranteed at any rate,

inasmuch as a unified procedure for analyzing lithium plating for diverse types of batteries is to be

eventually achieved.

Compared to the formerly mentioned two classes of methods, detecting lithium plating based

on voltage curve attracts more pragmatism. These methods involve analyzing the voltage curve of

batteries during discharging at constant current rate or after being fully charged, so as to determine

the degree of lithium plating. Most of the current research focuses on examining the plateau (i.e., a

flat segment) of the curve, which is believed to be caused by the mixed potential interactions between

lithium metal deposition and dissolution. It has been advised that the length of the voltage plateau

can be used to estimate the degree of lithium plating inside batteries. These methods have been

applied when studying the effect of temperature on lithium plating and have demonstrated their

effectiveness [12,19]. There are also researchers who study lithium plating based on the differentials

of voltage with respect to capacity, or dV/dQ for short, and the discharge capacity at the peak of

dV/dQ has been shown to be correlated with the mass of lithium plating [20]. The voltage-curve-based

methods have certain practical value as they neither require the battery to be dismantled nor impose

the necessity of having a third electrode. However, obtaining a voltage curve, which requires fully

charging-discharging tests, takes a significant amount of time. And for batteries have an obvious

discharge platform, like lithium-iron phosphate batteries, this method is not entirely suitable.

Electrochemical impedance spectroscopy (EIS) is able to reflect the impedance characteristics of

the battery under various frequencies of current (voltage) excitation, and can characterize internal

processes such as material diffusion or charge transfer. Due to its dual advantages of containing rich

information and having a non-destructive nature, EIS has been gradually accepted as a competitive
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option for lithium plating detection. Some studies have found that there are strong relationships

between impedance spectrum and lithium plating inside batteries. In particular, impedance at certain

special frequencies is highly sensitive to the lithium deposition state, which has led to many research

efforts focused on this characteristic. Some studies have also employed equivalent circuit models

(ECMs) to fit the impedance spectrum and analyze the relationship between circuit components (e.g.,

the ohmic resistance) and lithium plating [13–15]. Compared to other methods, the impedance-based

method has significant advantages in terms of time and cost. Nevertheless, the present literatures on

EIS-based detection have yet to report in a dedicated fashion its ability of quantifying the degree of

lithium plating.

Based upon the discussion thus far, an EIS-based lithium plating detection method, which is

able to quantify the degree of lithium plating and therefore narrow the aforementioned research

gap, is proposed. More specifically, the technical part of the work has three constituents. First, the

contributions of lithium plating and solid electrolyte interface (SEI) formation on battery capacity

degradation are decoupled. This is essential for establishing a quantitative relationship between

capacity degradation and lithium plating. Second, considering the infeasibility of measuring capacity

of online battery and long time cost, impedance spectrum is measured instead. Then, the battery is

modeled using an ECM, in that, each set of ECM parameter corresponds to an impedance spectrum

representing a particular capacity, which is corresponding to the degree of lithium plating. Third, an

artificial neural network (ANN) is utilized as an regression tool to establish the relationship between

the extracted features from ECM and the mass of lithium plating. In that, if a new set of features,

extracted from the impedance spectrum of some new battery of concern, arrives, one may estimate

quantitatively the degree of lithium plating of that battery. The main contribution of the study is

thought two-fold:

1. By decoupling the contribution of SEI formation and lithium plating on capacity loss and

establishing the relationship between capacity loss and mass of lithium plating, EIS measurement

is corresponded to the mass of lithium plating.
2. The validity of the proposed method is partially verified through scanning electron microscope

(SEM) and energy dispersive spectroscopy (EDS) analysis.

The rest of this work is organized as follows. Section 2 proceeds with elaborating an aging

experiment, as to acquire necessary data required by modeling and analysis. Section 3 is devoted

to methodology, in that, it is divided into three subsections, each dealing with one aspect of the

lithium-plating-quantification procedure, namely, the decoupling of impacts of SEI formation and

lithium plating on capacity loss in Subsection 3.1, the ECM and feature extraction in Subsection 3.2,

and ANN model building in Subsection 3.3. The verification of the proposed model is conducted in

Section 4. Finally, Section 5 concludes this work.

2. Aging experiment and data collection

It is well known that the degree of lithium plating is correlated to aging of the battery, which

further affects the state of health (SoH), or the amount of capacity loss to be more precise, of the battery.

In that, should one wish to establish a relationship between the degree of lithium plating and capacity

loss, multiple impedance spectra must be acquired over the course of aging, as such when an arbitrary

impedance spectrum becomes available, the capacity loss and thus the degree of lithium plating, which

is often gauged with the mass of lithium plating, can be estimated. In this section, the technical and

procedural details of aging experiment are elaborated, as to facilitate understanding of the subsequent

quantification methodology.

The aging experiment is conducted using Sanyo’s cylindrical lithium cobalt oxide UR14500P

batteries. The technical specifications of this model of batteries are listed in Table 1. A total of five

batteries of this kind are involved in this work, among which two are dedicated to model building,

whereas the remaining three are set aside for validation purposes. In what follows, the two batteries
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used for model building are referred to as B1 and B2, and the three batteries used for validation are

named B3, B4, and B5. It should be noted that the aging experiments for B1 and B2 are identical, but

differ from those for B3, B4, and B5.

Table 1. Specification of batteries.

Parameter Value

Capacity 800 mAh
Weight ≤25 g

Charging cut-off voltage 4.2 V
Discharging cut-off voltage 3.0 V

Standard charge and discharge rate 1C
Max charge and discharge rate 2C

Operating temperature 0–40◦C

2.1. Experimental procedure for B1 and B2

After purchasing the batteries, B1 and B2 are charged to full, i.e., 100% state of charge (SoC), under

the constant-current-constant-voltage protocol at a current rate of 0.5C. The impedance spectrum is

then measured, which is considered to be labeled as 100% state of health (SoH) and no lithium plating.

With the two batteries, cyclic aging is conducted in two stages, differing by the charging cut-off voltage:

4.2 V for Stage I and 4.4 V for Stage II; both stages are carried out at current rate of 1C. The aging

experiment for each of B1 and B2 is conducted over a total of 92 cycles, of which 48 belongs to Stage

I and 44 belongs to Stage II. The capacity of the battery is measured after every four cycles, which

implies that there are 12 and 11 measurements for Stages I and II, respectively. Impedance spectra are

measured every four cycles over Stage II, but not Stage I, because, as explained below, lithium plating

only takes place over Stage II. It should be highlighted that, during the course of the entire experiment,

batteries are left to rest at 25◦C for 4 h before impedance spectrum measurement and all impedance

spectrum are measured under the condition of 100% SoC to eliminate the its influence on measure

results. In summary, the decrement of SoH (as reflected through battery capacity) with aging is shown

in Figure 1. The abscissa of the plot corresponds to the 1 + 12 + 11 = 24 measurements of SoH.

Figure 1. SoH decrement curve at 1C current rate.
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Figure 2 illustrates the changes in impedance spectrum with aging. Since the variation trends

of impedance spectrum of B1 and B2 are very similar, only the impedance spectrum of B1 are shown

here for the convenience of drawing. The 11 impedance spectrum measurements for B1 acquired over

Stage II are labeled as B1-0, B1-2, . . . , B1-11, as shown in the figure. To aid visualization of how the

trend of impedance spectrum changes with aging degree, the impedance spectrum at different aging

stages is translated horizontally so that the intersections of the Nyquist plots with the real axis are

adjusted at 70 mΩ. The figure shows that the impedance spectrum tomography of the battery exhibits

a generally monotonic expansion pattern, which evidences its strong relationship with the degree of

battery aging [21].

Figure 2. Impedance spectrum of B1 in Stage II.

2.2. Experimental procedure for B3, B4, and B5

As mentioned earlier, three batteries of the same batch and model produced by the same

manufacturer with B1 and B2 are used to verify the lithium plating quantification method proposed.

More specifically, B3, B4 and B5 are set to represent batteries with no lithium plating, moderate plating,

and heavy plating. In order to attain the most accurate verification results, all three batteries are

dismantled after the experiment.

The experimental step for batters B3, B4, and B5 are as follows:

1. The three batteries are firstly put through one discharge–charge cycle at small current rate to

eliminate the influence of the initial state. The SoC of each battery is 100% after this step. B3 is

taken as reference for subsequent disassembly experiments, without any other special treatment.
2. Moderate lithium plating experiment is conducted on B4 by performing an overcharging

experiment at current rate of 1C and setting the charging cut-off voltage to 4.4 V. The experiment

is conducted for 20 cycles, and after resting, the impedance spectrum of B4 is measured and the

corresponding data are recorded.
3. Heavy lithium plating experiment is conducted on B5 by performing an overcharging experiment

at current rate of 2C and setting the charging cut-off voltage to 4.4V. The experiment is conducted

for 20 cycles, and after resting, the impedance spectrum of B4 is measured and the corresponding

data are recorded.
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3. Methodology and procedure

3.1. Decoupling of SEI formation and lithium plating

The loss in capacity of lithium-ion batteries can be attributed mainly to two mechanisms, that

is, SEI formation and lithium plating. Therefore, to quantitatively account for the effect of any one

cause, the two sources of capacity loss must be decoupled. During the first 48 cycles of aging, since the

operation condition is mild, the capacity loss is dominated by the SEI formation [22], as represented by

the window labeled as Stage I in Figure 1. However, in the subsequent cycles of aging under elevated

charging cut-off voltage (i.e., overcharging), whereas the SEI formation remains being a factor causing

capacity loss, lithium plating formation becomes a factor that further escalates the capacity loss of

batteries, as marked by the window labeled as Stage II in Figure 1.

It should be noted that the underlying mechanism of SEI formation is one of chemistry, as such, its

reaction rate may be elucidated by the well-known Arrhenius formula, which relates chemical reaction

rate with temperature. More specifically, the Arrhenius formula can describe the reaction rate in SEI

generation, that is:

ln k = −
Ea

R
·

1

T
+ C, (1)

where T is the absolute temperature, with a unit of K; k corresponds to the rate of chemical reaction

at temperature T; R is the molar gas constant, J/(mol·k); Ea is the experimental activation energy,

generally regarded as a constant independent of temperature; and C is a constant. As can be seen from

Equation (1), the reaction rate of SEI formation k, with all else being constant, is only a function of

temperature. Nonetheless, in the conducted experiments, the temperature is also kept constant at 25◦C,

resulting in a constant k. Clearly then, one should observe a quasi-linear downward trend in SoH as

the cycle number increases, and a straight line may be fitted to the experimental data, see the dashed

red line in Figure 3; since there are two batteries (B1 and B2) involved, their SoH data over Stage I

are averaged before fitting. With the acquired linear fit, one can extrapolate it to subsequent cycles in

which lithium plating occurs, then, the difference between the actual curve and extrapolated fitted

line ought to be attributed to the capacity loss caused by lithium plating, as shown in Figure 3. To

this stage, the effects on capacity loss due to SEI formation and lithium plating have been successfully

decoupled.

Figure 3. Decoupling of SEI formation and lithium plating.
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It can be derived that there is a relationship between the mass of lithium plating and the capacity

loss caused by lithium plating shown as:

mplating =
Qplating

NA · e
· MLi, (2)

where Qplating is the capacity decay caused by plated lithium; NA is Avogadro constant; e is electron

element charge; MLi is molar mass of lithium atom, which is 6.94 g/mol; mplating is the mass of plated

lithium. The curves in Figure 4 show the variation of mass of lithium plating with aging for the two

batteries.

Figure 4. Mass of lithium plating change curve with aging.

3.2. Feature extraction based on fractional order equivalent circuit model

In order to analyze lithium plating using impedance spectrum accurately, the battery must be

first described using a third-order fractional ECM, which has been studied in the prior work Lyu

et al. [23]. The ECM is illustrated in Figure 5 and its associated parameters tabulated in Table 2. The

corresponding impedance expression is:

Z(ω) = R0 +
Rp

1 + RpQp(jω)vp
+

Rn

1 + RnQn(jω)vn
+

1

Qw(jω)vw
, (3)

where the impedance Z as a function of frequency ω is decomposed into four terms: the ohmic internal

resistance of the battery, two resistance and constant phase element (R–CPE) parallel links, and the

quasi-Warburg impedance, respectively. The allocation of the two R–CPE links is motivated by the

need of characterizing the SEI formation of high-frequency segment of the battery and the charge

transfer structure of medium-frequency segment of the battery. On the other hand, the quasi-Warburg

impedance is devoted to characterizing the diffusion process of the low-frequency segment of the

battery. In summary, the ECM is able to effectively represent those impedance- and frequency-related

behaviors and characteristics of the battery.
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Figure 5. Parameters of the third-order fractional equivalent circuit model.

Table 2. Specification of batteries.

Parameter symbol Parameter name Unit

R0 Ohmic resistance Ω

Rp Positive electrode resistance Ω

Rn Negative electrode resistance Ω

Qp Double-layer capacitor of positive electrode F
Qn Double-layer capacitor of negative electrode F
Qw Capacitor of Warburg impedance F
vp CPE index of the positive electrode -
vn CPE index of the negative electrode -
vw CPE index of quasi-Warburg impedance -

In the process of parameter identification, the values of parameters are determined through the

nonlinear least squares method. However, since multiple parameter combinations can correspond to

the same impedance spectrum, the identification of initial values is of profound necessity to make

sure the precise parameter values are unique for one, which ensures the validity of ANN elaborated

in next subsection. In our work, the initial values of the parameters are determined based on the

geometric characteristics of the measured impedance spectrum [23]. For instance, The slope of oblique

line, which typically appears in the low frequency band of the impedance spectrum is used to identify

the parameters of the quasi-Warburg element. Then, the initial values are applied to the nonlinear least

squares method to obtain the precise parameter values.

Taking B1 at a certain aging stage as an example, Figure 6 shows the fitting result of the model on

the impedance spectrum of the battery at this stage. The average relative error of amplitude between

model impedance and actual impedance is 0.04%, and the average relative error of phase angle is

9.82%. Parameters of the ECM are used as inputs to the ANN model described in next section, which

provides a mapping between impedance spectrum, a measurable quantity, and the mass of lithium

plating.
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Figure 6. Model fitting result.

3.3. ANN training and testing

The ANN model in this work is trained using aging experiment data of B1 and B2, as well as those

identified parameters of ECM. As is the case with all regression problems, once the model is trained (or

fitted), it can be used to predict the target that corresponds to a new given set of features. In the present

case, the new features come from the impedance spectrum measurements of B4 and B5, whereas the

targets are unequivocally the masses of lithium plating corresponding to those measurements.

ANN is trained with the back-propagation algorithm, which is one that minimizes the mean

square error between the actual output value and the expected output value by using gradient descent.

The network takes an elementary form, in that, it consists of an input layer, a hidden layer, and an

output layer, as shown in Figure 7, which represents the typical setup of a “shallow” network, as

opposed to the more complex deep neural network (given the current data amount, the use of any

network with more than one hidden layer is uncalled for). The neurons in adjacent layers are fully

connected, and the weights wij account for the connection strength [24]. The mathematical expression

for the output of the hidden layer is well known and can be expressed as:

αj = f1

(

d

∑
i=1

wijxi + θj

)

, (4)

where αj is the output of the jth neuron in the hidden layer; f1(·) is the transfer function of the hidden

layer; d is the number of inputs, which in this paper is the number of characteristic parameters; wij is

the weight of the ith input to the jth hidden layer neuron. xi is the ith input; and θj is the offset.
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Figure 7. Back-propagation neural network structure.

Recall that for each of B1 and B2, 11 impedance spectrum are acquired, which implies that there

are a total of 22 sets of feature–target pairs available for training and testing the ANN. In that, 12

groups of data are randomly selected for training, and the remaining ones are used for testing. Without

loss of generality, “tansig” is selected as hidden layer transfer function f1, while “purelin” is selected

as output transfer function f2. When tuning for the number of neurons in the hidden layer, a grid

search is thought apt, and the choice finalizes at 9, as it delivers the best performance of the algorithm

over the testing set. The test results corresponding to this final choice are shown in Figure 8. It can

be seen from the figure that the ANN performs well in estimating the mass of lithium plating of the

battery, with a maximum relative error of 8.31% and an average relative error of 3.08%.

Figure 8. Back-propagation neural network estimation results.
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4. Verification of the proposed method

After the estimated result obtains, the batteries are dismantled and analyzed using SEM and EDS.

To quantify the degrees of lithium plating, chemical method is used to convert the plated lithium into

Li2CO3. Then, the mass of lithium plating can be obtained indirectly by measuring the content of

oxygen on air-dried electrodes. The SEM and EDS scanning results of batteries are shown in Figures 9,

10 and 11.

(a) (b) (c)

Figure 9. SEM/EDS results of B3 (no lithium plating). (a) is the SEM scanning result, (b) is the EDS

scanning result and (c) is the oxygen distribution on electrodes.

(a) (b) (c)

Figure 10. SEM/EDS results of B4 (moderate lithium plating). (a) is the SEM scanning result, (b) is the

EDS scanning result and (c) is the oxygen distribution on electrodes.

(a) (b) (c)

Figure 11. SEM/EDS results of B5 (heavy lithium plating). (a) is the SEM scanning result, (b) is the

EDS scanning result and (c) is the oxygen distribution on electrodes.

The present study investigates the surface morphology and oxygen element distribution of

batteries. Specifically, the new battery B3 exhibits a relatively smooth surface with densely distributed

granular objects and low oxygen element distribution, as evidenced by the SEM image presented

in Figure 9. Conversely, the negative electrode surface of the medium lithium plating battery B4, as

depicted in Figure 10, displays a rough surface with slight cracks and limited visibility of granular
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morphology. Moreover, the SEM scanning image of B5, shown in Figure 11, reveals the disappearance

of negative particles and the emergence of obvious dendritic objects, indicative of significant lithium

plating on the electrode. Furthermore, the oxygen element distribution of B5 is also dendritic, further

supporting the observation of pronounced lithium plating.

After qualitative observation of the lithium plating state, the percentage of oxygen element on the

electrode relative to the total mass of the sample is also determined through EDS analysis. Among

them, this work mainly focuses on the increment of oxygen content of the aged battery relative to

that of the new battery. The measurement results and the estimated value of lithium plating by the

proposed method are shown in Table 3.

Table 3. Estimated lithium plating mass and relative oxygen content.

Battery Estimated lithium
plating mass(mg)

Relative oxygen
content(%)

Increment of oxygen
content(%)

B3 - 20.26 0

B4 43 63.08 42.82

B5 61.2 70.36 50.10

With B3 regarded as a new battery, its oxygen content and lithium plating mass can be regarded

as the standard value when no lithium plating occurs. The increment of oxygen content in B4 and B5

battery samples can be considered to be entirely caused by lithium plating. According to the data in the

table, estimated mass of lithium plating of B5 is 1.4233 times that of B4. Meanwhile, compared with the

new B3 battery, the increment of oxygen of B5 is 1.170 times that of the B4. Since all the increment in

oxygen comes from Li2CO3, which is converted from plated Lithium, the two ratios should be ideally

equal. Although due to the inconsistency between B3 and B4, there is some error, which is acceptable,

the result still can partially verify our method.

5. Conclusion

The detection and quantification of lithium plating are of great importance to maintaining the

safe operation of lithium-ion batteries. This work proposes an impedance-spectrum-based method

that is able to not just detect but also quantify lithium plating. The underlying principle of the method

is to use as input the characteristic features extracted from impedance spectrum to predict the mass of

lithium plating using an artificial neural network. The proposed method has three constituent parts,

each carrying some significance as compared to traditional approaches. Firstly, by decoupling the

effects of solid electrolyte interface formation and lithium plating on battery capacity, the mass of

lithium plating can be expressed as a function of capacity loss. Secondly, because different levels of

capacity loss corresponds monotonically with the shape of impedance spectrum, the latter can be used

as a proxy for the former, through an equivalent circuit model (ECM). As such, the extracted ECM

parameters can act as the features of a regression model, which estimates the mass of lithium plating;

this work uses an ANN model for that.

In summary, this work offers a complete strategy for lithium plating detection and quantification,

which is thought to be able to attract some pragmatism as compared to competitor methods, such

as the direct observation methods or the reference electrode methods. In the present experimental

setup, only a few batteries of a same kind are utilized in training the model. However, this does not

impair one from extending the method to further contexts. The virtual of the method lies in its ability

of quantifying lithium plating in absence of state-of-health measurement, although the training of a

truly universal model would require as many such measurements as possible. Stated differently, in

an ideal future case, an eclectic mix of battery aging experiments are to be conducted with different

lithium-ion batteries. The experiments should measure both the capacity loss and impedance spectrum

information, of which the former would be used as targets and the latter as to derive the input features,
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with which a regression model can be established. Once this step is done well and thorough, the

trained model can be used to estimate the mass of lithium plating of other unseen types of batteries.

Technique-wise, the regression model needs not to be confined to shallow neural networks—should

the data get more numerous than the basic networks can handle, options with more intricate structures

but better predictive performance may be employed.
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