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Abstract

Battery packs for electric and stationary applications experience varied operating 

conditions, including abuse—e.g., fast charging, overcharging, thermal, vibration, shock, 

etc.—throughout their lifetimes. Innovative diagnostic tools and algorithms that go beyond 

single cells and deal with modules and packs are essential for early detection of off-normal 

issues. High-resolution tools with known detection limits are key to developing appropriate 

mitigation strategies. With the advent of rapid impedance spectroscopy that can generate a

broadband impedance spectrum in �10 sec, the case for impedance-based diagnostics that can 

be readily aligned with other methods, such as incremental capacity or dQ.dV-1, has become 

promising. 

This study used the aforementioned diagnostic methods to identify realistic in-vehicle 

battery abnormalities (e.g., localized self-discharge and non-uniform aging), in series (up to 10S) 

and parallel (4P) strings, using 16 Ah graphite/NMC cells. The impedance-based diagnostic is 

found to be sensitive to the string size and state. Depending on the type of abnormality, detection 

frequency varied. The dQ.dV-1 method showed the potential to detect long-term aging-related 

heterogeneity in modules. In general, both the impedance and dQ.dV-1 methods were able to 

detect series strings’ abnormalities, but struggled to find those issues within parallel modules.

* Corresponding author
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Acronyms

BMS battery management system

BOL beginning of life

CC constant current

CLT calendar life test

CV constant voltage

dQ.dV-1 incremental capacity

DOD depth of discharge

EDV electric drive vehicle

EIS electrochemical impedance spectroscopy

IMB impedance measurement box

LIB lithium-ion battery

LOD limit of detection

LOQ limit of quantitation

NMC LiNixMnyCozO2

RPT reference performance test

SOH state-of-health

SOC state-of-charge
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Introduction1.

Lithium-ion battery (LIB) packs for electric drive vehicles (EDVs) and stationary-storage 

applications consist of hundreds to thousands of unit cells. These multitudinous cells are 

arranged in various series-parallel configurations in a pack. Ensuring the safety of these 

complicated packs that operate under myriad conditions (including aggressive conditions such as 

fast charging, overcharge, over discharge, vibration, thermal, mechanical shock, etc.) is a crucial 

requirement. Pack safety undoubtedly relies on the inherent safety and abuse tolerance of each

unit cell. The combination of many cells in a pack, however, can introduce new and sometimes 

unknown signal dynamics. Moreover, battery stability and variability could change with aging

[1–7] and limit pack performance and, in the worst-case scenario, compromise overall pack 

safety. Therefore, innovative and advanced diagnostics and intelligent algorithms that gather and 

utilize information from multiple levels, from unit cells to modules to packs, are essential for 

ensuring desired performance and safety of the battery pack. The original equipment 

manufacturers primarily rely on a battery-management system (BMS) for the management, 

protection, and state estimation—i.e., state-of-charge (SOC), state-of-health (SOH), and state-of-

stability (SOS)—using current, voltage, and temperature measurements of the battery pack

[8–12]. Existing research on battery SOC and SOH estimations primarily focus on single cells

[8,13]. Their applicability to realistic modules or packs suitable for EDVs is not rigorously 

examined. Beyond single-cell SOC and SOH, battery packs could suffer from other health- and 

safety-related issues such as capacity imbalance due to localized increase in self-discharge, 

improper balancing due to balancing-system error, increased cell-to-cell heterogeneity due to 

demanding usage or mismanagement, etc. Early diagnosis of these issues is required and could 

potentially avoid sudden loss of performance or provide a more-accurate battery SOH 

estimation.

From a safety perspective, simple passive monitoring of voltage and temperature are 

often inadequate to detect imminent failure. This is due to the inherent lag in conventional 

measurements; that is, a significant voltage change or internal heating would need to happen to 

detect an impending event, and by the time the detection occurred, it could be too late to mitigate 

the event [14–20]. A quick determination of battery SOS is highly desirable for battery packs in 

situations where an abnormal condition has developed within a pack due to aging or 
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mismanagement and following an unanticipated event—e.g., a collision event when the BMS 

becomes damaged or disconnected [21]. Inaccurate resolution of battery stability in those 

conditions could create either immediate (safety of the passengers, bystanders, and first 

responders) or unmitigated secondary risks (risks related to post-event activities such as 

removing the stranded energy, handling, towing, storing, incident investigation, repairing, 

recycling, salvaging, etc.) [22]. 

Therefore, advanced diagnostics and algorithms to determine module or pack-level SOH 

and SOS are crucial. So far, few researchers have extended the cell-level diagnostics to multicell 

strings or modules with respect to different aspects of battery SOH [23–26]. Among other 

diagnostics, electrochemical-impedance spectroscopy (EIS) and incremental capacity (IC or 

dQ.dV-1)-based methods are notable. The EIS-based method has been recognized by many 

researchers as a useful diagnostic to determine battery SOC and SOH [13,27–30], but the 

technique has been difficult to implement as an embedded sensor. Commercial-grade systems are

expensive and bulky, and it takes 10 minutes to an hour to complete a measurement (depending 

on system settings). These systems are also limited to detection of single cells because the 

compliance voltage is generally a maximum of 5V. Therefore, the application of EIS-based 

methods has not been expanded to multicell configurations. Due to these limitations, single-

frequency measurements or a set of strategic frequencies were used for multicell configurations

[25,31]. The single frequency, however, needs to be carefully selected because whole spectra can 

shift with aging. Besides, a single high-frequency datum does not capture many internal 

phenomena within the battery and thus limits diagnostic capability. 

IC or dQ.dV-1 is another diagnostic method and has primarily been used for single-cell 

SOH estimation [13,32,33]. The many cells in series-parallel configurations complicate analysis 

and have limited the extension of dQ.dV-1 beyond single cells [32]. However, some researchers 

have shown its promise in evaluating battery SOH in multicell configurations. For instance, 

Weng et al. used IC analysis for parallel-connected modules (up to three) to track SOH [4]. 

Dubarry et al. leveraged IC to identify features attributed by different cell-to-cell intrinsic 

variations in multicell configurations [24]. 

Identification and/or quantification of abnormal (aging- and safety-related) conditions in 
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modules or string settings is the prerequisite to managing and mitigating the issues that cause 

abnormalities. Therefore, diagnostic methods and algorithms must be developed to identify and 

quantify abnormal battery conditions. As discussed earlier, most published studies either focus 

on quantifying the average SOH or provide solutions to manage the issue once its extent is

known. The means to identify and quantify issues and their relative extents (e.g., aging 

heterogeneity and/or stability) have largely been unstudied. Recognizing this gap, the current

study primarily focuses on identifying different abnormal conditions in multicell arrangements 

by employing broadband impedance and IC-based methods. Abnormal conditions include aging 

heterogeneity and localized self-discharge in multicell arrangements. While maintaining this 

focus, the study investigates the sensitivity and limitations of these diagnostic methods with 

respect to string configuration, state, and frequency. Understanding imbalance associated with 

localized self-discharge is crucial for long-term safety, especially for battery packs with 

demanding duty cycles or operational envelopes and following crash conditions [18,20]. On the 

other hand, cell-to-cell variability is a key concern for aged batteries as it may precede potential 

faults associated with shorts from fast charging or localized elevated temperature [32,34].

We used the impedance measurement box (IMB), which can generate impedance spectra 

within 0.1–1638.4 Hz in �10 seconds [27,28] and has a compliance voltage of 50V. On the 

other hand, the conventional dQ.dV-1 method has been extended to realistic series and parallel 

modules to evaluate its applicability.
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Experimental2.

Sixteen, 16 Ah automotive-grade graphite/LiNixMnyCozO2 (hereafter, NMC) lithium 

polymer batteries (Model SLPB75106205) from Kokam were acquired for this study [35]. Upon 

receipt, static capacity was measured at C/3 (5.3 A) [36], which showed an average capacity of 

16.9 Ah with less than 0.5% cell-to-cell variability (1σ). Upon completing the beginning-of-life 

(BOL) characterization test, two subgroups of cells, B and C (shown in Table I), were subjected 

to the USABC electric-vehicle calendar life test (CLT) at Vmax and 45°C [36]. CLTs were 

stopped when the average capacity fade approached 5% for Group B and 20% for Group C. The 

C/3 capacity test was repeated to measure the fade at monthly intervals of CLT. These aged 

batteries were later used to build modules with different cell-to-cell variability. All cell-level 

experiments were performed within the range 4.2V (Vmax) to 2.7V (Vmin).

Twenty-seven modules with different extents of imbalance and aging-related 

heterogeneity were evaluated using impedance and dQ.dV-1-based techniques. For imbalance 

evaluation, three series modules, 4S1P, 6S1P, and 10S1P, were evaluated. The remaining 24 

configurations (12 10S1P and 12 1S4P) were used for heterogeneity evaluation with different 

degrees of aging heterogeneity—i.e., 1 to 3 cells with 5 to 20% heterogeneity. 

The serially connected strings evaluated in this study were balanced using an Orion Jr. 

BMS [37] in a fully charged state. Before constructing the strings, cells were individually 

charged to Vmax and then discharged to 62.5% (10 Ah) depth of discharge (DOD) at C/3 rate 

followed by a 2 h voltage clamp for further equilibration. This precondition was necessary for 

safe handling of the batteries. After this precondition, individual strings (10S, 6S, or 4S) were

assembled by serially connecting the cells. The strings were then charged to their respective 

scaled upper-cutoff voltage—e.g., 42V, 25.2V, and 16.8V for the 10S, 6S, and 4S strings, 

respectively, and allowed 2 h for top balancing [37]. The dQ.dV-1 test was performed at C/20 

(0.8 A) with 1 h rest between the charge and discharge steps.

For the parallel strings (4P), cells were first charged to Vmax and then discharged to 3.5V 

and clamped at that voltage for additional 2 h. Four cells were then connected in parallel. 

Individual modules underwent two back-to-back constant current charging steps (i.e., C/3 

followed by C/10) with 1 h rest at the end of each charging. The charging ended with an 
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additional 1 h constant voltage charging. The parallel modules were then discharged to the 

respective DODs for diagnostic evaluation. These modules also went through the C/20 (3.2 A) 

differential-capacity test.

A 50V version prototype impedance measurement tool (IMB) was used for this study. 

The IMB can generate the impedance spectra within 0.1–1638.4Hz in �10 sec. This version of 

the IMB has been shown to have near-identical internal cell resistance and charge-transfer 

resistance values to the conventional EIS measurement system [3]. A MACCOR Series 4000 

tester was used for single-cell RPT and aging tests. A PEC SBT8050 was used for all the module 

testing. 

Table I: Cell grouping

Group Cells Number 
of cells

Months 
on CLT

% fade

A Fresh cells 10 N/A 0
B 5% CL group 3 2 5.5±1.0 
C 20% CL group 3 4 19.5±3.7 

Methodology3.

The present study evaluated the diagnostic signals for off-normal conditions based on the 

complex magnitude of impedance, , where Z' is real impedance and Z" is imaginary impedance 

(Fig. 1). While there are distinct differences in impedance that arise as conditions vary, it is 

necessary for realistic diagnostic purposes to understand the uncertainty of measurements. 

Therefore, the measurement uncertainties of the impedance-based signals were quantified 

statistically by using the limit of detection (LOD) and limit of quantitation (LOQ) [29]. LOD is 

the lowest value measurable above the background noise of an instrument. LOD equates to 

values that are at least three times the standard deviation away from the average of a set of 

measurements. LOQ is the minimum value at which a quantitative value can be confidently 

measured. LOQ equates to values that are at least ten times the standard deviation away from the 

average of a set of measurements. The LOD and LOQ for the IMB were calculated based on the 

average standard deviation of a set of repeated measurements for the frequency of interest. Of 

primary interest was the LOD and LOQ in frequency regimes where distinct changes in signal 

were observed with respect to a baseline condition. Detectability performance was evaluated 
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based on the differential Z, where ∆Z = the difference in Z between the baselines (without 

imbalance or heterogeneity, serving as a reference signal) and the signal of interest (with

different extent of imbalance or heterogeneity). This assessment was chosen to more closely 

mimic the comparison between early in the life of the cell and at an unknown, possibly 

compromised state later in the life of the pack.

The dQ.dV-1 plots were generated from C/20 charge-discharge tests with 20 sec sampling 

rates. Here, ΔQ represents the differential charge or discharge capacity, ΔV represents 

differential voltage, and Qnom is the individual string or module’s measured C/20 capacity at BOL 

without any imbalance and/or heterogeneity—i.e., the baseline string or module. A Savitzky-

Golay filter [38] was used to filter out noise from both the cell and pack data.

Results 4.

Shown in Fig. 1 are Nyquist plots obtained by the IMB for a single cell at three different 

DODs: 0, 50, and 70%. Different impedance components have also been identified in the same 

figure. The point at which the spectrum crosses the real axis is the ohmic resistance, R0, that 

lumps the resistances associated with electrolyte, separator, tabs, contact resistance, etc. The 

midfrequency impedances, Rsei + Rct, lump the solid-electrolyte interphase layer with the 

negative electrode or to the particle to particle contact on the active materials and interfacial 

charge-transfer reaction combined with double-layer capacitance [39]. The frequencies 

corresponding to ohmic impedance vary between 204 and 307 Hz while the frequency 

corresponding to the transition from the charge transfer (Rct) to the Warburg region is around 

4.8 Hz. Figure 1 also shows that these cells had very low impedance (R0 = 1.5 mΩ, and 

Rsei+ct = 0.8 mΩ; <3 mΩ) at BOL.

Fig. 2 shows the LOD and LOQ values for a 10S string below 4.8 Hz with respect to 

DOD. The average standard deviation from six consecutive measurements was used to calculate 

the LOD and LOQ values. Figure 2 shows that IMB measurement is slightly noisier at higher 

DOD (i.e., higher LOD and LOQ values) and thus would provide lower levels of detectability. 

The lower DOD, 0%, retains better detectability than the higher DODs. This behavior could be 

attributed to the smaller slope of Warburg tail at higher DODs and the uncertainty associated 

with operating near the maximum resolution (0.1 mΩ) of IMB.
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Fig. 1: Results showing the performance of the IMB for a single cell   

     

Fig. 2: LOD and LOQ with respect to DOD for a 10S string within 0.1–4.8 Hz
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3.1 Impedance-based diagnostics

3.1.1 Detection of capacity imbalance

The USABC recommends LIBs for EDVs to have less than 1%/month self-discharge 

[36]. Damaged or abnormal cells within a string or pack could have higher and dissimilar self-

discharge (due to internal or external shorts) and potentially create module- or pack-level 

capacity imbalance. Such issues most likely could arise in battery packs operated under 

demanding duty cycles or operational envelopes or following a crash event. If undetected, 

imbalance could potentially limit pack performance and could, in a worst-case scenario, create 

safety hazards. Therefore, a quick and reliable diagnostic technique, such as the impedance-

based method, is needed to identify such imbalances in strings or packs. Existing nonimpedance-

based techniques could take hours to days to measure self-discharge [36,40]. In this case study, 

uneven strings of different sizes were built and examined by impedance-based diagnostics to 

detect imbalance in a very short time. Serially connected strings with three different lengths 

(10S, 6S, and 4S) were evaluated at different DODs (0, 50, and 70%) to investigate the 

sensitivity of detection.

A single unbalanced cell, with either 10% or 20% capacity imbalance, was placed within 

the strings. The desired DOD was reached after fully charging an individual string to its 

respective Vmax and then discharging the string to the desired DODs at C/3 rate. Upon arriving at 

the desired DODs, a single cell from each string was discharged by an additional 10% (1.6 Ah) 

or 20% (3.2 Ah) at C/20 to obtain the desired capacity imbalance. The impedance scan was 

performed after resting the strings for 30 minutes.

Figure 3 summarizes the impedance-based technique’s performance in detecting 

unbalanced strings (up to 10S) at different DODs. The detection capability, in general, suffers at 

higher DODs (70% DOD, Fig. 3c,f, i) irrespective of the string size due to higher uncertainty of 

measurements (see Fig. 2). The 50% DOD shows some improvements in detectability, but 

exclusively for the smaller 4S string, where ∆Z rose above both the LOD and LOQ lines near the 

low-frequency regime (Fig 3h). A similar scenario was observed for the 0% DOD for the 4S 

string (Fig. 3g). Better detectability was observed with a greater extent of imbalance. A weak 

detectability (in instances where ∆Z did not rise above the LOD  and LOQ lines) can be 
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observed for the larger strings even at lower DODs due to higher uncertainty in measurements 

(Figs. 3a-b and 3d-e). 

Therefore, in the present configuration, impedance-based detection is found to be 

dependent on string size, voltage (or DOD), frequency of measurement, and instrument-noise 

behavior. The method, in its current form, could potentially be used to detect an imbalance in 

small modules with targeted frequencies at lower DODs. For larger strings, a modular detection 

algorithm could be useful. Another way to improve the detectability would be to improve the 

measurement resolution.

  

Fig. 3: Detectibility performance at different DODs with 10 and 20% capacity-imbalanced 
modules. The higher-frequency impdance data are not presented.
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3.1.2 Detection of aging heterogeneity

Cell-to-cell variability, caused by heterogeneous aging, is a key concern for aged battery 

packs because it may precede potential fault-associated shorts from fast charging or localized 

elevated temperature [22,34]. More accurate knowledge of the extent of heterogeneity could also 

enable better management strategies. Therefore, advanced methods are necessary to detect 

distinct aging-related heterogeneity within a module or pack. With that focus, varying degrees of 

cell-to-cell variability were introduced in series (10S1P) and parallel (1S4P) strings and 

evaluated using impedance-based technique. For both the series and parallel modules, variations 

of 3, 5, or 20%-aged cells (see Table I) were introduced in different quantities within the string. 

For example, a 10S string with three 20%-aged cells had seven unaged cells and three 

�20%-aged cells in series. Similarly, a 4P string with three 20%-aged cells contained one new 

cell, and three 20%-aged cells in parallel.

Figure 4 shows the changes in impedance spectra with different extents of aging in the 

10S strings as an example. The real part of impedance (Z´) in the higher-frequency domain is 

more sensitive to the increased cell-to-cell variability. Thus, the real part of impedance (Z´) was 

used as the basis for evaluating the detection limits (LOD and LOQ) in the high-frequency 

domain (50 Hz to 1638.3Hz). 

Figure 5 presents the differential real impedance (ΔZ´) for the different extents of 

heterogeneity in the 10S strings. The ΔZ´ is the difference in real impedance (Z´) between the 

baselines (10S without any heterogeneity, i.e., with all fresh or unaged cells) and the signal of 

interest for 10S modules with different levels of heterogeneity. The LOD (dotted lines) and LOQ 

(dashed lines) values are overlaid in the same figure. Minimal values of LOD and LOQ indicate 

that the uncertainty of the impedance measurements was very low for series strings, irrespective 

of DODs. The higher impedance associated with 10S could primarily be attributed to this better 

performance. The detection capability for the 5% heterogeneity is shown in Figs. 5a–c and Figs. 

5d–f present the detection behavior for the 20% aging variability.
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Fig. 4: Nyquist plot for the 10S strings with different levels of aging heterogeneity. 10F=10 fresh 

(or unaged) cells in series. 9F+1A(20%)= 9 fresh and 1 20%-aged cells in series. 

Fig. 5: Results showing the detection capability with 5 to 20% aging variability in 10S1P strings

at different states. The LOD (dotted lines) and LOQ (dashed lines) values are overlaid.

Figures 5d–f show that the impedance-based technique can readily detect a 20%-aged 

cell in the 10S strings for the three DODs. Increasing the extent of heterogeneity (or increasing 

the number of aged cells in the module) produced stronger and distinct ∆Z´ signals, with more 

(d) (e) (f)

(a) (b) (c)
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sensitivity at the upper and lower DODs. The signal strength weakened somewhat for 5% 

variability, but was still well beyond the LOQ line (Figs. 5a–b). The sensitivity of the ∆Z´ with 

variability, especially in the low and high DODs, indicates that this method could be calibrated 

to quantify the extent of heterogeneity. However, the calibration process has to be carefully 

performed, with more testing data on other combinations to establish a correlation to a 

distinguishable signal with respect to different extents of heterogeneity. 

Figure 6 summarizes the detection capability for 4P parallel strings. As usual, the ΔZ´ is 

the difference in real impedance (Z´) between the baselines (1S4P without any heterogeneity, 

i.e., all fresh or unaged cells) and the signal of interest for 1S4P modules with different extents 

of heterogeneity. Overall, a weaker detectability was observed as compared to the series strings 

presented earlier. This can be attributed to the lower overall impedance with parallel settings and 

higher uncertainty in measurements. Figures 6d–f show that the difference in Z´ clearly exceeded 

the LOQ threshold at or below 50% DOD when there were three 20%-aged cells in the 4P 

strings. ∆Z´ barely exceeded the LOD line, but remained below the LOQ line when there were 

fewer than three 20%-aged cell in the module. Reducing the extent of heterogeneity (5% aging 

case) reduces detection performance, but appears somewhat promising at low DOD and 

frequencies. In general, unlike series strings, the impedance-based method was only able to 

detect severe cell-to-cell variability for the 1S4P modules investigated in this study.
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(a) (b) (c)

(d) (e) (f)

Fig. 6: Results showing the detection capability with 5% to 20% cell-to-cell variability in 4P 

string configurations. The LOD (dotted lines) and LOQ (dashed lines) values are overlaid.

3.2 Incremental capacity (dQ.dV-1) to detect aging heterogeneity

Figures 7 and 8 present the C/20 dQ.dV-1 and voltage traces for the 10S and 4P modules 

with different degrees of aging heterogeneity—i.e., 5 and 20%. The dQ.dV-1 plots include both 

charges and discharges. All discharges began from the same voltage, as shown in Figs.7b and 7d, 

due to effective balancing at the end of charge. The three distinct peaks associated with different 

stages of graphite lithiation/delithiation with NMC redox potentials are also indexed as I, II, and 

III in Figs. 7a and 8a [34]. For the series strings, the maximum capacity mismatch closely 

mirrors the total string capacities. For the parallel modules, the capacities remained within 2.4% 

of the sum of the individual battery’s capacity.

Introducing cell-to-cell variability within a series string limits the overall discharge 

capacities down to the lowest-capacity cell. Such behavior reflects as a gradual contraction of 

Stage I. More aggressive heterogeneity translates to the more-aggressive shortening of Stage I 

(Figs. 7a and 7c). Therefore, tracking the extent of Stage I shortening near the lower voltage 

regime and corelating with the percent heterogeneity could provide pertinent information on the 

extent of cell-to-cell variability within a module or pack. Interestingly, the degree of 

heterogeneity evaluated in this study did not show any significant drift in dQ.dV-1 plots; that is, 

all dQ.dV-1 curves were tightly packed. The presence of similar aging modes across the cells
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(due to the same CLT condition) and an effective top balancing could have contributed to the 

tightly packed dQ.dV-1 plots.

Fig. 7: C/20 dQ.dV-1 and voltage traces of the 10S1P strings with different degrees of aging 

heterogeneity: (a) dQ.dV-1 plots with 20% heterogeneity, (b) voltage trace with 20% 

heterogeneity, (c) dQ.dV-1 plots with 5% heterogeneity, (d) voltage trace with 5% heterogeneity.

Here, 10F = 10 fresh (unaged) cells, 9F + 1A(20%) = 9 fresh and one 20%-aged cells in series 
and so on. 

The presence of heterogeneity in parallel modules did not show any distinct 

characteristics in terms of dQ.dV-1 other than the reduction of Peaks II and III, as shown in Figs. 

8a–c. Such a reduction in peak intensity has been used to estimate cell-level SOH (due to a loss 

of lithium inventory and/or active material) [32,33]. A recent study with 3P configuration 

concluded that these signatures can be extended to parallel modules to estimate the overall SOH 

[4], and Fig. 8 also confirms that. However, it would be difficult to separate the signatures for the 

overall SOH of a module from the extent of heterogeneity within it.
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Fig. 8: C/20 dQ.dV-1 and voltage traces of the 1S4P strings with different degrees of aging 

heterogeneity. Here, 4F = 4 fresh (unaged) cells in parallel, 3F + 1A(20%) = three fresh and one

20%-aged cells in series and so on. 
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Discussion5.

The examples presented in this paper highlight the potential of using impedance and dQ.dV-1-

based diagnostics for different series and parallel LIB modules. The study also highlights the 

complexities, challenges, and limitations of the two diagnostics. The key objective of this study 

is to investigate whether these two techniques can be used to identify different abnormal 

conditions that could indicate performance or safety-critical situations. More evaluation studies 

with other combinations are required to fully generalize and precisely correlate module- and 

pack-level abnormalities with respect to diagnostic signals. 

The impedance-based diagnostic is rapid and suitable for online battery SOH and SOS 

assessment. Beside estimating SOH in the conventional sense, the method could provide 

additional information on the SOS (in terms of self-discharge) or extent of heterogeneity within a 

pack. These additional data would enable more-accurate valuation of a battery pack (or EDV) for 

resale or second-life use (e.g., in a grid application). The impedance-based method could also be 

used for quick assessment of a stranded battery pack after a collision event. 

The case studied shows that the impedance-based diagnostic’s performance largely depends

on string size and configuration, battery voltage, severity of abnormality, frequency of 

measurement, and instrument noise behavior (Figs. 3 and 5). The method is able to detect 

localized self-discharge only with smaller strings (4S) at lower DODs and frequency range

(Fig. 3). Such detection behavior could be attributed to the variation in diffusion-impedance tail 

associated with self-discharge for the shorter string. Increasing the string length gradually masks

the diffusion-impedance signal associated with the weak cell. Therefore, a modular approach 

(using multiplexing) could be implemented in applications in which a large-string evaluation is 

needed for self-discharge. The method is able to detect aging-related heterogeneity (5 to 20%) in 

series strings quite easily (Fig. 4), but struggles with parallel-connected modules (Fig. 5). The

real impedance (or ohmic resistance) associated with a series-connected string is more sensitive 

to the impedance-based diagnostics and results in better detection performance. The same extent 

of cell impedance is, however, insensitive for parallel modules and therefore showed very weak 

detectability. 

The two abnormal conditions do not show detectability in the same frequency range. For 
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instance, capacity imbalance is only detectable in the lower frequency range (<4.8 Hz), and 

aging heterogeneity was detectable only in the higher frequency regime (>50 Hz). Therefore, the 

impedance-based diagnostics should be tuned to specific fault conditions, optimizing the 

impedance parameters with respect to scanning frequency. At the same time, resolution of the 

device needs to be improved to handle parallel modules with very low impedance (<3 mOhm). 

This study only evaluates Gr/NMC LIB chemistry due to its popularity in EDVs. Other 

chemistries containing LCO, NCA, LMO or LFP cathodes also have similar characteristic 

impedance spectra [41]; therefore, these investigated diagnostic methods could be extended to 

other battery chemistry. 

The dQ.dV-1 method is much slower, but shows the potential to identify aging heterogeneity 

in series strings by tracking the contraction of the 1st peak at the beginning of charge (or the last 

peak at the end of discharge, see Fig. 7). The contraction is associated with the reduced capacity 

of the heterogeneous cells within the strings. This signature is especially distinct in the sense that 

it does not convolute with either cell or parallel-module peak-reduction signatures. The dQ.dV-1

confirms its applicability for average SOH estimation for parallel modules by tracking the peak 

intensity reduction [4] However, it may not be possible to separate cell-to-cell heterogeneity 

from the overall module aging due to the absence of non-distinct dQ.dV-1 signatures between the

cell and module (Figs. 7 and 8). These conclusions could be generalized for other graphite-based 

lithium-ion battery chemistry with LCO, NCA, LMO or LFP cathodes because they have similar 

characteristic peaking. The longer diagnostic time could further be shortened by increasing the C-

rate (e.g., C/3 or C/5) and/or partially charging/discharging the battery. This dQ.dV-1 evaluation 

can be performed as part of regular EDV servicing, reassessing the value of a battery pack for 

resale and/or second life use.

The limitations of the two diagnostic methods highlight the need for more-advanced and 

complementary diagnostic tools and methods to identify module or pack issues at different 

timescales. Moreover, enabling the systematic and more-direct comparison of different 

diagnostic tools in real-time is crucial. In particular, uniform measures that provide the 

understanding of limitations and detection certainty for key risk activities is necessary.
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Conclusion

The specific case studies presented show the performance and applicability window of the 

impedance- and dQ.dV-1-based diagnostic techniques for series- and parallel-battery modules for

different off-normal conditions. Low impedance (<3 mΩ) automotive grade 16 Ah pouch cells 

were used in these case studies. Overall, both methods show merit in identifying different off-

normal conditions, but none can detect all of them. The findings should help develop advanced 

diagnostic and prognostic methods and toolsets to better inform the state of performance and 

stability of the whole battery pack.  

The impedance-based technique is not universally applicable to all off-normal conditions 

evaluated in this study. Its efficacy in detection varies with the type of off-normal situation, 

string size and configuration, frequency range, depth of discharge, and measurement uncertainty. 

For instance, the diagnostic signal for a capacity imbalance within a series string is sensitive at 

low frequency (≤4.8 Hz) in smaller strings (4S). Such characteristic would necessitate a modular 

detection algorithm for evaluating the overall imbalance in larger strings. Lower depth of 

discharge (≤50%), in general, provides better diagnostic performance. Aging heterogeneity, as 

low as 5%, is readily detectable only at the higher-frequency domain (≥50 Hz). Increasing the 

extent of heterogeneity, e.g., to 20%, produces stronger diagnostic signals, particularly at both 

lower and upper battery DODs. Detectability of aging heterogeneity in parallel modules is 

comparatively weak and limited to only aggressive scenarios (i.e., at 20% variability) and lower 

DODs (≤50%). Going forward, more evaluation studies are required to optimize impedance 

parameters with respect to specific fault conditions.

The dQ.dV-1 method is much slower than the impedance-based method, but it can provide

insights into long-term issues such as aging-related heterogeneity in series strings. Therefore, 

this method has the potential to be extended to series strings. The diagnostic time could be 

reduced by increasing the C-rate (e.g., C/3 or C/5) or using partial charging/discharging data. 

The dQ.dV-1 method, however, is not able to diagnose cell-to-cell heterogeneity in parallel 

modules due to its inability to distinguish signatures from the overall aging behavior.

Future efforts will focus on evaluating real-time performance and stability evaluation of 

different diagnostics for emerging safety-critical battery situations in electric-vehicle and grid-
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storage applications. The methods will be further refined with respect to impedance or dQ.dV-1

metrics for similar and additional abnormal and aging scenarios in real-time. In particular, the 

effects of elevated temperature and temperature heterogeneity on the diagnostic performance 

needs to be evaluated. This would allow researchers to gain better understanding of the 

diagnostics in relation to different off-normal safety-critical situations in full-size lithium-ion 

battery packs. Such a comprehensive understanding would play a key role in enabling realistic, 

reliable, and efficient diagnostic methods for detecting impending and potential failures in large-

scale lithium-ion battery packs well before they precipitate catastrophic events. 
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