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Tom Rüther,1,2,* Wesley Hileman,3 M. Scott Trimboli,3 Gregory L. Plett,3 Matthieu Dubarry,4 Nikhil Kumar,5 James Marco,5
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SUMMARY

Battery packs, defined as interconnections of individual cells, are central to modern energy systems, yet their 

electrical and electrochemical behavior remains insufficiently understood. This review consolidates founda

tional principles, outlines challenges, and addresses fragmented knowledge that hinders further develop

ment at the pack level. A key challenge is the lack of harmonized and uniquely defined states, such as the 

state of charge and the state of health. To address this, we propose revised definitions and introduce state 

descriptors for more consistent and comparable pack-level analysis. We critically evaluate existing charac

terization methods, originally developed for single cells, and highlight their potential and limitations at the 

pack level. Many of these methods require further adaptation, and only their combination with harmonized 

state descriptors enables reliable and meaningful results. This work goes beyond identifying challenges 

by closing gaps in state descriptions, providing a foundation for future research, fostering reliable diagnos

tics, and supporting innovation in energy storage technologies.

INTRODUCTION

Rechargeable batteries with high power and energy density are 

the cornerstone of portable and mobile applications. They are en

ablers for developing and employing power tools, robots, and 

electromobility. In stationary energy systems, battery-energy 

storage systems play a central role in providing flexibility and sta

bility. Economic studies indicate an immense growth potential for 

battery systems across all the aforementioned fields.1,2

Presently, and for the foreseeable future, lithium-ion batteries 

(LIBs) are the predominant storage technology for all applica

tions.1 Recently, sodium-ion batteries entered the market as 

an economical drop-in technology with the same system design 

as LIBs.3 Compared to other technologies, such as lead-acid 

batteries, LIBs, in most cases, require thermal management, 

battery monitoring, and management systems. Except for wear

able and small portable devices, multiple electrochemical cells 

are integrated into battery modules or packs to ensure that 

they meet the application-specific performance and energy 

requirements.4,5

The electrical and electrochemical properties and the behavior 

of these multi-component systems play a pivotal role in deter

mining the performance, safety, and longevity of the battery 

pack. The connection of cells to make a module or pack poses 

major challenges to the understanding, development, and oper

ation of the energy storage system that are not present in single 

cells. Hence, the whole is more than the sum of its parts. In other 

words, the complex system exhibits properties or behaviors that 

its parts do not possess individually and that emerge as a result 

of their interactions. This emergence is the core focus of this 

work. Despite its critical importance, the foundational principles 

that govern the electrical and electrochemical properties and the 

behavior of battery systems are fragmented, contradictory, and 

incomplete across the existing literature.

A major challenge in this domain pertains to the absence of 

harmonized definitions for fundamental battery states, including 

the state of charge (SoC), the state of health (SoH), and the state 

of energy (SoE). These metrics and operational variables, which 

are essential for assessing battery performance and for oper

ating battery systems, are often defined inconsistently at the 

pack level and vary significantly depending on the application 

or experimental context. Furthermore, pack states are not 

uniquely defined, which can lead to significantly different battery 

pack behavior despite the same state indicators. This variability 
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not only complicates the interpretation of individual results but 

also creates barriers to comparing studies, ultimately hindering 

progress in understanding and optimizing battery systems.

Despite the noteworthy advancements in research at the cell 

level in recent years, the electrical and electrochemical charac

terization of battery packs has received comparatively less 

attention. Characterization methods, originally developed for 

single cells, offer a great potential for battery packs in terms of 

state description and diagnostics, as well as analysis of inhomo

geneities and aging. The integration of cells in packs introduces 

a multitude of complexities, including interactions between cells, 

current distribution, manufacturing variations, and additional 

system components, such as cell connectors. As a result, the 

interpretation of pack-level characterization represents the sec

ond major challenge. The superposition of heterogeneous cell 

responses and parasitic effects obscures the underlying phe

nomena. Only the combination of a detailed understanding of 

multi-component interactions, a clear and consistent definition 

of pack-level states, and characterization methods tailored to 

the pack level enables reliable interpretation of results. Despite 

the paramount importance of this research area, no scientifically 

accepted approaches for the electrical and electrochemical 

characterization of the properties and behavior of battery mod

ules have been established.

This gap is highlighted by a survey conducted as part of this 

study, which reveals a predominant research focus on cell-level 

characterization, while comparatively less attention is given to 

module-level approaches, as illustrated in Figure 1A. This finding 

is particularly concerning given the widespread use of multi-cell 

battery systems and the fact that the majority of survey partici

pants consider pack-level characterization to be extremely 

important, as shown in Figure 1B. It is imperative to acknowledge 

the critical need for a systematic evaluation of methodologies 

and characterization techniques, as well as a common under

standing of battery states at the module and pack levels.

The objective of this review is to address the aforementioned 

questions, challenges, and gaps by means of the following.

(1) The consolidation of the fundamental principles of battery 

pack electrical and electrochemical properties and 

behavior, which are currently scattered across the exist

ing literature.

(2) A critical analysis of the definitions of key battery states at 

the pack level and their implications for research, devel

opment, and application, as well as an attempt to derive 

harmonized descriptive and prescriptive definitions.

(3) A comprehensive review and synthesis of the diverse ap

proaches to pack-level characterization, with particular 

attention to their practical applicability and limitations.

This review provides a comprehensive overview of the subject 

matter, with the objective of serving as a leverage point for re

searchers, developers, and practitioners in the field of battery 

pack characterization. It aims to promote clarity and consistency 

in the field, enable a more profound comprehension of the elec

trical and electrochemical properties of battery packs, and facil

itate the development of enhanced solutions for energy-storage 

systems and their operation. To this end, this work not only sum

marizes the existing literature but also introduces new definitions 

to provide a basic reference for an emerging field of research 

poised for significant growth.

The statements and conclusions presented in this work 

pertain to multi-cell battery systems, irrespective of their specific 

cell technology. Most of the discussed principles and phenom

ena apply across various cell chemistries. However, for 

emerging chemistries, such as silicon-based electrodes or so

dium-ion batteries, certain specific characteristics or principles 

may differ from the effects described in this paper.

FUNDAMENTALS OF BATTERY PACKS

Cell-to-cell variations

Variations in capacity and impedance among new lithium-ion 

cells arise due to manufacturing tolerances,6–9 storage condi

tions, and shipping processes.10 These initial discrepancies in

crease over time and are exacerbated by non-uniform current 

distribution6,8,11 and temperature6,12 variations, leading to accel

erated10,13–15 or inhomogeneous10,15–17 aging. Understanding 

and responding to these cell-to-cell variations (CtCvs) is there

fore essential to ensure the reliability and longevity of battery 

packs. The causes of CtCv are diverse and span multiple levels, 

from materials to cells, modules, and packs. Beck et al.18 pro

vide a comprehensive literature review that differentiates be

tween intra-cell variations, arising from differences in materials 
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Figure 1. Survey results on pack-level char

acterization 

Results of the battery pack characterization sur

vey, which was completed by 102 participants and 

includes results from a total of 18 countries. Per

centage of survey respondents who have used 

electrochemical impedance spectroscopy (EIS), 

distribution of time constants (DRT), pulse test, 

differential voltage analysis (DVA), incremental 

capacity analysis (ICA), or none of these charac

terization methods at the cell or pack level. 

(A) Number of respondents who rate the impor

tance of pack-level characterization as not at all 

important, very important, moderately important, 

extremely important, or extremely important. 

(B) Further data from the survey can be found in 

Note S1.
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and electrodes, and inter-cell variations, which account for dif

ferences between cells, affecting management and operation 

from the cell to the pack level. Most studies in the literature 

have focused on parametric analyses, examining key factors 

such as capacity, resistance, differential voltage analysis 

(DVA) features, and a broad spectrum of impedance character

istics. A detailed synthesis of these findings is provided in 

Table S1.

Dubarry et al.19 attributed CtCv to differences in active mate

rial content, polarization resistance, and kinetic limitations. An 

investigation20 into the performance of new and aged EV cells re

vealed a systematic shift in the distribution of key parameters. 

While these parameters initially follow a normal distribution, 

continued operation leads to a transition toward a left-skewed 

Weibull distribution. This shift is accompanied by an increasing 

number of statistical outliers, indicating that aging and usage 

conditions amplify variations between individual cells. Further

more, the cycling rate of a battery significantly influences the 

evolution of CtCv. Higher charge and discharge rates amplify ki

netic limitations, leading to greater disparities in impedance, 

resistance, and capacity retention.21 A statistical evaluation of 

1,100 lithium-ion cells found no correlation between capacity 

and impedance. Additionally, different batches exhibited distinct 

statistical characteristics, suggesting potential manufacturing 

variations.10 An investigation using the distribution of relaxation 

times (DRT) method explored CtCvs in LIBs and their impact 

on electrochemical processes. The study identified distinct cor

relations between electrode processes and revealed deviations 

from commonly assumed statistical distributions, suggesting 

more complex underlying variations.22

Thus, CtCvs exhibit distinct statistical properties that evolve 

over time and are inherently dependent on individual cell charac

teristics. These variations become particularly relevant when 

analyzing different interconnect topologies.

Topologies and components

To meet the voltage and capacity requirements of modern appli

cations, cells are assembled into battery packs using various 

interconnect topologies. These topologies can be broadly cate

gorized into series connections, which increase voltage, and 

parallel connections, which increase charge and current capac

ity. In addition, approaches combining both strategies are 

possible. A standardized nomenclature has been established 

to describe these different interconnect topologies, as shown 

in Figure 2.

The impact of CtCv on different interconnection topologies 

has been extensively studied. Dubarry et al.23 demonstrated 

that CtCvs affect voltage response and capacity, with parallel 

configurations being significantly more resilient due to internal 

balancing. Luan et al.24 further explored various module archi

tectures and identified parallel-serial topologies as the most 

effective in optimizing capacity retention and discharge perfor

mance. Similarly, Porpora et al.25 found that capacity imbal

ances exert the most pronounced influence on overall pack effi

ciency and degradation. Expanding on these findings, Kim and 

Choi26 systematically evaluated the effects of CtCv across mul

tiple performance metrics. According to Lingzhao et al.,27 perfor

mance in serial connections is dominated by capacity discrep

ancies, self-discharge, and SoC mismatches, while in parallel 

connections, capacity and resistance variations impact current 

distribution and thermal stability.

In addition to CtCv and topology, joining technology and pack 

architecture are critical factors influencing battery pack 

performance.

Joining technologies

For efficient and reliable battery connections, two primary archi

tectures are commonly employed: busbar-based configurations 

and direct wiring without busbars, as schematically illustrated in 

Figure 3. Tab-to-busbar joining, encompassing classic, lami

nated, and flexible printed circuit busbars, offers low resistance 

and high current-carrying capacity, making it the preferred 

choice for demanding applications. In contrast, tab-to-tab solu

tions, such as cable connections and nickel strips, are easier to 

assemble but have higher resistance and greater thermal stress, 

limiting their applicability.
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Figure 2. Topologies of battery packs 

Serial (A), parallel (B), parallel-serial (C), and serial-parallel (D) connection topologies.
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Beyond this, there are alternative interconnect approaches 

that optimize specific aspects of performance and manufactur

ability. Examples include crimp and plug-in connections that 

facilitate modularity and serviceability and conductive polymer 

foams that enhance mechanical flexibility while maintaining elec

trical conductivity.

The choice of interconnection architecture influences the 

number and placement of joining points. Studies on optimal ter

minal positioning are available in the literature,26,28,29 while the 

focus of this section will be on joining technologies. These often 

require the joining of dissimilar materials, such as copper and 

aluminum. A wide range of joining technologies is available, 

each with distinct properties in terms of mechanical stability, 

thermal effects, electrical impedance, automation feasibility, 

and repairability. The selection of an appropriate technique de

pends on the specific design requirements of the battery pack, 

as different methods offer trade-offs in terms of performance 

and manufacturability. A comprehensive comparison of 

currently used joining technologies is provided in Table 1.

Among these methods, laser welding is most widely used due 

to its numerous advantages, including non-contact operation, 

narrow heat-affected zones, localized heat input, and high weld

ing speeds.30 This process uses a high-energy laser beam to 

create a localized melt pool, forming a low-resistance joint.30 It 

allows precise control but requires optimized parameters to 

minimize heat-affected zones.31 Resistance spot welding joins 

materials by applying electric current and mechanical pressure 

to create a fused joint. It is widely used because of its scalability; 

however, electrode wear increases contact resistance over time, 

affecting long-term performance. Nevertheless, it remains a 

viable option for smaller applications due to its lower initial in

vestment and maintenance costs.30,32 Ultrasonic welding uses 

high-frequency vibrations to create a solid bond, eliminating 

the need for melting and reducing thermal effects. It provides 

stable electrical resistance over extended cycles and improved 

thermal stability.30 However, bond degradation can occur at 

high current densities, and its application is mainly limited to 

thin materials.33

Several studies have systematically compared these three 

welding techniques. Brand et al.34 used the four-point probe 

method to assess electrical contact resistance and found that 

laser welding produced the strongest joints with the lowest resis

tance. Similarly, Larsson et al.35 investigated cost, automation 

potential, and weld quality in the context of battery assembly. 

Their analysis highlighted laser welding as the optimal choice 

for high-volume production due to its high degree of automation, 

1 32

Busbar

Cell-connector

Joining point

Cell-connector

Joining point

1 32

A B Figure 3. Common architectures for battery 

packs 

Schematic representation of a tab-to-busbar 

joining (A) and a tab-to-tab joining (B) for battery 

packs for a parallel connection of 3 cells.

while resistance spot welding remained 

the preferred choice for smaller-scale ap

plications due to its lower equipment 

costs. Ultrasonic welding, on the other 

hand, was noted for its versatility in joining a wide range of 

materials.

In addition to conventional techniques, several alternative ap

proaches have been explored. While these methods are still un

common in large-scale battery manufacturing, they offer distinct 

advantages in terms of repairability. Adhesive bonding uses 

conductive epoxies to make electrical connections without 

thermal input. However, this approach typically has a higher 

initial contact resistance, and long-term studies indicate that 

conductivity degrades under elevated temperatures and cyclic 

loading.30,36 Mechanical fasteners, including screws and 

clamps, facilitate easy disassembly and repair but can introduce 

higher contact resistance37,38 and susceptibility to vibration- 

induced instability.39 Optimizing contact pressure and selecting 

appropriate coatings are critical to minimizing resistance and 

ensuring long-term reliability.30,40

For a more detailed discussion of this topic, as well as addi

tional joining methods, the reader is referred to the literature re

view by Zwicker et al.30

The choice of joining technology directly affects the imped

ance of the pack, thereby influencing electrochemical character

ization and potentially limiting overall pack performance in the 

event of degradation or failure. Most critically, impedance deter

mines the current distribution between cells connected in paral

lel, with significant implications for safety, performance, and 

lifetime.

Batteries connected in parallel

Connecting cells in parallel to create a battery pack increases 

capacity while allowing the use of smaller standardized cells, 

greater flexibility in pack design, improved cooling and heating, 

and increased reliability compared to using single, larger 

cells.11,41

The parallel connection forces equal voltages:

Uparallel = Ui + Ucon;i = Uj + Ucon;j ∀ i; j ∈
[
1; np

]
; i ∕= j

(Equation 1) 

with Uparallel being the voltage of the parallel connection, np the 

number of parallel connected cells, Ui as the voltage of the 

respective cell i, and Ucon,i accounting for the voltage drop 

across all contact resistances within parallel path i, including 

the relevant joining points and the corresponding part of the bus

bar. The effect of inhomogeneous resistances on the current dis

tribution has been investigated by Jocher et al.42 and Roehrer 

et al.43 However, assuming negligible contact resistances or 
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their equal inclusion in the voltage responses of the individual 

cells, the parallel connection enforces equal cell voltages:

Uparallel = Ui = Uj ∀ i; j ∈
[
1; np

]
; i ∕= j (Equation 2) 

Consequently, voltage cannot be distinguished between indi

vidual cells, leading to parallel connections often being referred 

to as logical cells, cell blocks, or macro cells. The capacity of a 

logical cell Cparallel is determined through the sum of the individ

ual capacities Ci,

Cparallel =
∑np

i = 1

Ci; (Equation 3) 

and the resistance of a logical cell Rparallel is determined using

Rparallel =
1

∑np

i = 1 R− 1
i

, (Equation 4) 

where Ri is the resistance of the individual cells and contact re

sistances are neglected. As a result, the resistance of a logic 

cell is always lower than that of a single cell.

The power of a logical cell is typically described through its 

pulse-power capability (PPC), which is the maximum charge or 

discharge power a pack can handle via a current pulse Iparallel 

without exceeding the upper voltage limit Umax or dropping 

below the lower voltage limit Umin.44 It is determined using the 

DC resistance RDC, which is calculated using

RDC =
ΔUDC

Ipulse

(Equation 5) 

using the change in voltage ΔUDC of the pack to a current pulse 

Ipulse of a typical duration of tpulse = 10 s. The value of this resis

tance depends on whether the pack is being charged or dis

charged, which is why it is denoted as RDC,ch and RDC,dc, respec

tively. This resistance is a function of several factors, including 

the SoC, SoH, temperature, and various other cell- and pack- 

level parameters. Assuming a purely ohmic voltage response in 

the parallel circuit, it is possible to determine the maximum 

permissible current without exceeding voltage limits. Conse

quently, the PPC of a parallel connection PPCparallel is given by

PPCparallel =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Imax;ch ⋅ Umax =
(Umax − UOCV)

RDC;ch

⋅ Umax; for charge

Imax;dc ⋅ Umin =
(UOCV − Umin)

RDC;dc

⋅ Umin; for discharge

;

(Equation 6) 

with Imax,ch and Imax,dc being the maximum applicable current 

without violating the voltage limits of the respective charge and 

discharge cases. In practice, this current may exceed the data 

sheet limit, which must then be used to calculate the PPC.

The total energy of a logical cell Eparallel is determined by

Eparallel =

∫ t(SoC = 1)

t(SoC = 0)

Iparallel ⋅ Uparallel dt

= Cparallel

∫ SoC = 1

SoC = 0

Uparallel(SoC) dSoC;

(Equation 7) 

with Iparallel being the current of the logical cell. This current is the 

sum of the individual cell currents Ii:

Iparallel =
∑np

i = 1

Ii: (Equation 8) 

Given identical cells (open-circuit voltage [OCV] and imped

ance), identical operating conditions (temperature and SoC), 

and identical contacts, each cell carries a similar current, 

ensuring symmetric operation.

In the case of non-identical cells or inhomogeneous condi

tions, the current distribution among cells becomes unequal, de

pending on the local slope of the OCV curves and the cell imped

ances.11,45 An analytical, simplified description of the current 

distribution, based on an equivalent cell circuit with a linear 

OCV characteristic and a constant cell resistance R, is provided 

by Fill et al.46 For two parallel cells with the initial condition of 

identical SoCs, they derived the following current distribution:

I1

Iparallel

=
C1

C1+C2

[(
R2

R1+R2

⋅
C1+C2

C1

− 1

)

exp

(

−
t

τ

)

+ 1

]

;

(Equation 9) 

with time t. The time constant τ is determined through

τ =
(R1+R2)⋅C1⋅C2

mOCV⋅(C1+C2)
; (Equation 10) 

where mOCV = dOCV
dSoC 

is the slope of the OCV.

For a constant-current step, the initial-current distribution is 

defined by the cell resistances only by

I1(t = 0)

Iparallel

=
R2

R1+R2

: (Equation 11) 

After a transient process, the current distribution reaches an 

equilibrium,

Table 1. Comparison of joining technologies for cell-to-busbar battery connections

Method Mechanical stability Thermal impact Automation feasibility Repairability Admittance

Laser welding + o + - ++

Resistance spot welding o+ o + - +

Ultrasonic welding o + o o +

Adhesive bonding o ++ o + -

Mechanical fastening o ++ o ++ -

Joining technologies are rated as very good (++), good (+), medium to good (o+), medium (o), medium to poor (o–), poor (-), and very poor (– –) based on 

mechanical stability, thermal impact, automation feasibility, and repairability.
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I1(t→∞)

Iparallel

=
C1

C1+C2

(Equation 12) 

which is defined by the cell capacities. In this equilibrium, the dif

ferences in OCV ΔUOCV can be described using

ΔUOCV(t→∞)

Iparallel

=
R1C1 − R2C2

C1+C2

: (Equation 13) 

Interrupting the current flow reveals a transient behavior as the 

cells return to balance, characterized by an exponential current 

decay. Figure 4A illustrates the current distribution based on 

the above model with a scenario of different cell resistances.

Further enhancements to these models incorporate nonlinear 

OCV behavior, as detailed by Fill et al.,47 and employ complex 

impedance parameters instead of simplistic cell-resistance rep

resentations.48 These improvements allow for a more accurate 

representation of the dynamic interactions within parallel-con

nected cells.

Jocher et al.42 studied the current distribution in parallel-con

nected cells with different chemistries and demonstrated that 

nonlinear differences in the OCV characteristics can lead to sig

nificant variations in the current distribution. As shown for an 

NCA cell in Figure 4B, such variations can lead to inhomoge

neous current distribution and even current reversals. These ef

fects are strongly dependent on the cell chemistry, with LFP cells 
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Figure 4. Current distribution in parallel- 

connected battery packs 

(A and C) Current distribution (A) and open-circuit 

voltage differences (C) simulated using a simpli

fied model under a scenario where individual cells 

have varying internal resistances and equal ca

pacities, for a 100 s charging pulse with two par

allel-connected cells, based on data from Brand 

et al.11

(B and D) Laboratory investigation of current dis

tribution (B) and SoC differences (D) under a 

similar scenario for NCA cells, based on data from 

Jocher et al.42

exhibiting significantly larger deviations 

than NCA cells. For example, under a 

10 K temperature gradient, a 0.5 C con

stant-current charge resulted in SoC dif

ferences of up to 10% near the end of 

charge for LFP cells, due to their charac

teristically low voltage slope. In contrast, 

NCA cells showed only small SoC devia

tions of around 2% under identical 

conditions. More generally, the OCV 

characteristics of the logical cell become 

increasingly blurred due to inhomoge

neous SoC distributions between the 

cells connected in parallel.

Furthermore, the aging behavior of par

allel-connected cells differs from that of 

single cells, with many studies reporting 

accelerated aging under temperature gradients,15,49,50 whereas 

Schindler et al. demonstrated improved lifetimes under homoge

neous temperature conditions.51

Batteries connected in series

Connecting individual cells or logical cells in series in a battery 

pack increases voltage, reduces power losses in cables, im

proves efficiency, and simplifies power-electronics integration. 

Most importantly, it allows for high-voltage charging, signifi

cantly reducing charging times.

The voltage of a serial connection Userial is determined 

through the voltage of the individual cells Ui and the voltage 

of the contact resistances Ucon, including the relevant joining 

points and the corresponding portion of the busbar of all ns 

connected cells:

Userial =
∑ns

i

Ui +
∑ns

i

Ucon;i: (Equation 14) 

If the contact resistances are neglected or equally included in 

the voltage responses of the individual cells, the series connec

tion can be described by

Userial =
∑ns

i

Ui: (Equation 15) 

Unlike a single logical cell, battery packs with series-con

nected cells require careful monitoring of individual cell limits.
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The total resistance Rserial of serially connected cells is deter

mined from the sum of the individual resistances Ri of the cells 

using

Rserial =
∑ns

i

Ri: (Equation 16) 

The capacity of a serial connection is ideally equal to that of the 

individual cells Ci. Due to CtCv, the discharge Cserial, discharge and 

charge capacity Cserial, charge are limited by the lowest capacity 

using52–55

Cserial;discharge = min
{

C1;discharge;C2;discharge;…;Cns ;discharge

}
and

(Equation 17) 

Cserial;charge = min
{

C1;charge;C2;charge;…;Cns ;charge

}
:

(Equation 18) 

Since physical cells have imperfect Coulombic efficiency, the 

capacity of the battery pack is given through the discharge ca

pacity Cserial = Cserial, discharge.

The minimum dischargeable (chargeable) capacity is there

fore the amount of charge that can be removed from (put into) 

the pack before one of the cells is fully discharged (charged). 

However, the usable capacity of the pack can reach Cserial = 

0 if one cell is in its fully charged state while another cell is in 

its fully discharged state, where the pack can be neither 

charged nor discharged without violating a voltage limit.56 In 

contrast to cell capacity, which typically decreases monotoni

cally with the age of a cell, it is possible for Cserial to increase 

when cells move from imbalanced to equalized or balanced 

states. This phenomenon is hereafter referred to as temporary 

or virtual capacity loss.

Cell imbalance arises from intrinsic heterogeneities between 

cells. Long-term SoC divergence between cells is driven by 

differences in Coulombic efficiency and self-discharge rates, 

which accumulate over cycling. In contrast, short-term imbal

ances—such as those due to varying capacities—are tran

sient and self-correcting. While cell resistance does not 

directly affect the SoC, it limits the pack’s power and energy 

availability by triggering voltage constraints earlier. A more 

detailed description of the causes of imbalances is provided 

by Plett.4

Cell equalization can be achieved through passive or active 

balancing strategies. Passive balancing dissipates excess 

charge as heat, whereas active balancing redistributes excess 

charge from cells with a high SoC to those with a lower SoC, 

improving energy utilization efficiency.57–59 Active balancing 

methods employ relays, DC-DC converters, and/or current 

transducers in different configurations to achieve charge redistri

bution.57 Both methods utilize either voltage-based or capacity- 

based algorithms for operation. In most cases, passive 

balancing exhibits energy losses an order of magnitude higher 

than those of active balancing approaches. The efficiency differ

ences among balancing strategies across different battery topol

ogies are discussed in detail by Baronti et al.60 A comprehensive 

overview of existing approaches is presented in Figure 5, while a 

comparative summary of the available balancing methods and 

their advantages and disadvantages is presented in Table S2. 

Additional insights into these methodologies can be found in 

literature reviews.52,57,61–63

The PPC of a serial connection is constrained by the cell hav

ing the lowest power capability, which sets the upper limit on the 

pack’s allowable current:

IPPC;max = min
[i∈1;…;ns ]

{⃒
⃒IPPC;i

⃒
⃒
}
: (Equation 19) 

As shown in Figures 6A and 6B, the remaining cells are unable 

to utilize their potential power output fully. Consequently, the 

PPC of a serial connection PPCserial is determined using

The total energy of the serial connection Eserial is determined 

using

Eserial =

∫ t(SoCpack = 1)

t(SoCpack = 0)
IUserial dt

= Cserial

∑ns

i

∫ SoCpack = 1

SoCpack = 0

Ui

(
SoCpack

)
dSoCpack;

(Equation 21) 

which is a function of the individual cell voltages Ui. The inte

gral is evaluated over the full SoC range from t(SoCpack = 0) to 

t(SoCpack = 1). However, as the SoC of a battery pack is not 

yet well defined, a direct computation of the corresponding in

tegral remains challenging. For a detailed discussion of the 

battery pack SoC definitions, we refer the reader to the next 

section and to Plett.4 Since each cell exhibits a distinct 

voltage-capacity relationship, the corresponding integral 

varies across cells. As a result, the total extractable energy 

from the pack is ultimately limited by the cell with the lowest 

available energy. Figure 6C shows a schematic representation 

of this effect.

PPCserial =

⎧
⎪⎪⎨

⎪⎪⎩

IPPC;max ⋅

(

ns⋅Umax −
∑ns

i
UOCV;i − IPPC;max

∑ns

i
RDC;ch;i

)

; IPPC;max > 0 (charge)

IPPC;max ⋅

(
∑ns

i
UOCV;i − ns ⋅ Umin + IPPC;max

∑ns

i
RDC;dc;i

)

; IPPC;max < 0 (discharge)

: (Equation 20) 
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BATTERY STATES

Battery states, such as the SoC and SoH, are key to understand

ing battery performance and managing battery operation. At 

the cell level, they are defined by physico-chemical properties, 

such as lithium site occupancy, capacity, and resistance (see 

Note S2). However, in battery packs, cells can be in different 

states, making it impossible to define such quantities with the 

same physico-chemical significance. As a result, engineering 

definitions are required at the pack level, which may obscure dif

ferences between individual cells. For control and diagnostic 

purposes, engineering definitions of battery pack states are 

Energy not usable
cell 1

Energy not usable
cell 2

t

IPPC,min

Cell 1
Cell 2

I
Cell 3

tpulse
t

U
Umax

UOCV, 2

UOCV, 1

UOCV, 3

tpulse

Q

U
Umax

Umin

Cserial

A B

C

Not usable
cell 3

Not usable
cell 1

Figure 6. Schematic diagrams for calcu

lating the pulse-power capability and total 

energy in serially connected lithium-ion bat

teries 

(A and B) Schematic representation of the deter

mination of the limiting current in the pulse test for 

three distinct cells (A) and the voltage response of 

those cells upon applying IPPC,min to the series 

connection (B). 

(C) Voltage response of the three cells for a con

stant current charging and a maximum pack ca

pacity of Cserial.

SoCs before balancing SoCs after balancing
Balancing to lowest individual cell level
Excess charge is dissipated as heat using
a resistor connected in parallel to each cell
during rest phases. This can be achieved
through passive balancing.

Balancing to equilibrium of individual
cells
Charge is transferred between cells, thereby
reaching an average SoC. This can be achie-
ved by different active balancing methods.

Balancing to highest individual cell level
Cells with low SoCs undergo more intensive
charging. This can be achieved by using by-
pass methods, or by combining the previous
methods, during the charging process.

1 2 3

1 2 3

1 2 3

1 2 3

1 2 3

Figure 5. Balancing methods for battery packs 

Balancing methods for serially connected cells, sorted by the SoC distribution achieved after balancing under the initial conditions specified in the first column. 

The resulting distribution can be a uniform SoC at the lowest, the highest, or an intermediate average value.
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typically used for series connections, which allow direct aggre

gation of voltage and current, while parallel groups are treated 

as logical cells. These states are typically defined on a scale 

from 0 to 1, where 0 represents an empty or degraded condition 

and 1 corresponds to a full or healthy state. Table 2 provides an 

overview of the relevant definitions.

Individual cells in a series connection typically exhibit different 

SoCs and capacities, leading to unusable capacity, as shown in 

Figure 7. Therefore, a definition that accounts for both quantities 

is required for the pack-level SoCpack. Since a physical basis for 

SoCpack does not exist, engineering definitions have been devel

oped for different applications. The definition encountered most 

frequently is the ratio of the minimum dischargeable capacity to 

the pack capacity.52,53,55,65 An issue with this definition occurs in 

the extreme scenario in which a pack contains cells at both 0% 

and 100% SoCs. In this case, the equation results in the indeter

minate form 0/0, rendering the pack SoC undefined. This reflects 

the fact that such a pack cannot store usable charge and under

scores the inherent difference between cell-level and pack-level 

states.

The SoE of a battery pack, SoEpack, as defined by An et al.,67,68

is the ratio of the pack’s discharge energy to its total energy. 

Consequently, this definition of pack SoE accounts for energy 

losses and depends on the load current profile during discharge.

The state of power SoPpack is defined as the ratio of a battery 

pack’s available PPC, PPCserial, to its maximum achievable PPC, 

PPCserial,max. It can be specified for either the charging or the 

discharging case. The maximum possible PPC is determined 

using

The capacity-based SoH SoHC, pack is the ratio of the present 

pack capacity to the capacity of the pack at the beginning of life 

(BoL), Cpack,BoL.69 The pack capacity SoH may not decrease 

Table 2. Definitions of pack-state variables

Term Definition Reference

State of charge
SoCpack ≜

mini{SoCi⋅Ci}

Cpack

Li et al.,64 Zhang et al.,65 Zhong et al.,55

Hua et al.,52 Truchot et al.66

State of energy
SoEpack ≜

Q
∑ns

i

∫ SoCend

SoCstart
Ui(SoC)dSoC

Cpack

∑ns

i

∫ SoCpack = 1

SoCpack = 0
Ui(SoC)dSoC

An et al.67,68

State of power
SoPpack ≜

PPCserial

PPCserial;max

–

Capacity-based state of health
SoHC;pack ≜

Cpack

Cpack;BoL

Su et al.,69 Cordoba-Arenas et al.,70

Sarmah et al.71

Capacity-based state of health, EoL bounded
SoHC;pack;EoL ≜

Cpack − Cpack;EoL

Cpack;BoL − Cpack;EoL

–

Resistance-based state of health
SoHR;pack ≜

Rpack

Rpack;BoL

Su et al.,69 Cordoba-Arenas et al.70

Corrected resistance-based state of health
SoHR;pack ≜

Rpack;BoL

Rpack

–

Resistance-based state of health, EoL bounded
SoHR;pack;EoL ≜

Rpack;EoL − Rpack

Rpack;EoL − Rpack;BoL

–

Energy-based state of health
SoHE;pack ≜

Epack

Epack;BoL

Su et al.,69 Diao et al.,72 Chang et al.,73

Zhang et al.74

Energy-based state of health, EoL bounded
SoHE;pack ≜

Epack − Epack;EoL

Epack;BoL − Epack;EoL

–

Pack-state variables for the serial connection of i∈[1 … ns] (logical) cells. Definitions without a reference are newly introduced in this review.

PPCserial;max =

⎧
⎪⎪⎨

⎪⎪⎩

IPPC;max⋅

(

ns⋅(Umax − Umin) − IPPC;max

∑ns

i
RDC;i

)

; IPPC;max > 0 (charge)

IPPC;max⋅

(

ns⋅(Umax − Umin)+ IPPC;max

∑ns

i
RDC;i

)

; IPPC;max < 0 (discharge)

: (Equation 22) 
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monotonically because it depends on the overall pack capacity, 

which is influenced by SoC imbalances between cells. Since the 

degree of imbalance can fluctuate over time, increasing or 

decreasing, the pack capacity SoH may also vary accordingly. 

Furthermore, the SoHC, pack does not have a fixed range between 

0 and 1, as the lower limit is never truly reached. To address this, 

we introduce the end-of-life (EoL)-bounded SoHC, pack,EoL, which 

normalizes the pack capacity using its EoL capacity Cpack,EoL.

The resistance-based SoH SoHR,pack is the ratio of the present 

internal resistances of the pack Rpack to the internal resistance of 

the pack at the BoL Rpack,BoL. As the battery ages, the SoHR,pack 

increases monotonically with cell age, which contradicts the ex

pected behavior of an SoH metric. SoH should decrease over the 

battery’s lifetime and remain below its initial value of one at BoL. 

Therefore, this definition is unsuitable and needs to be rectified 

by using its reciprocal, which we define as the corrected resis

tance-based SoH. To ensure a bounded value range between 

0 and 1 throughout the battery’s service life, we introduce the 

EoL-bounded SoHR,pack,EoL, which normalizes the pack resis

tance using its EoL capacity Rpack,EoL.

Finally, the energy-based SoH SoHE,pack is the ratio of the pre

sent pack energy Epack to the energy of the pack at the BoL 

Epack,BoL. The SoHE,pack accounts for imbalances between cells 

and does not necessarily decrease monotonically with cell aging, 

as variations in cell imbalances can cause fluctuations over time. 

Again, we define the EoL energy-based SoH as a normalized quan

tity, using the EoL energy of the battery pack as a reference.

To determine the previously described states, it is essential to 

collect information (e.g., resistances, capacitances, and SoCs) 

from individual cells. Note S3 outlines the most commonly 

used methods, which include single-cell analysis, the bar-delta 

method,52,55,75–78 and the interval method.64 However, these 

methods, as well as state estimation in general, are not the pri

mary focus of this paper.

Inhomogeneities and uniqueness of pack states

The states of battery packs are not uniquely defined, as the same 

overall pack state can arise from different states of the individual 

cells. This ambiguity has significant implications for character

ization, as the contributions of individual cells depend heavily 

on their specific states. Moreover, many pack-state descriptions 

rely on reference values (e.g., resistance, capacity, or energy) 

and defined operational windows.79 Both vary significantly de

pending on the manufacturer,80,81 the application,82 and the spe

cific cell or pack under investigation.83 As a result, different char

acterization approaches may yield inconsistent outcomes for 

what is assumed to be the same pack state. To ensure reproduc

ible characterization, providing a detailed and precise descrip

tion of the pack’s states is crucial.

In addition to specifying the (dis)charging profiles, it is essen

tial to provide detailed information on the balancing procedure. 

Information on voltage ranges, reference values, and their deter

mination must be clearly stated. The states and parameters of in

dividual cells must be precisely defined. However, at this level of 

detail, the description can quickly become complex. We there

fore propose first- and second-order state-difference descrip

tions, summarized in Table 3, as additional parameters for a 

more efficient comparison of results. While these descriptions 

offer a concise overview of the pack’s condition, all information 

previously mentioned remains essential for reproducibility.

The first-order state-difference description quantifies the ho

mogeneity between individual battery states and is therefore 

referred to as first-order state homogeneity. The SoC-based 

first-order state of homogeneity, SoHo1st
SoC, quantifies the differ

ence in SoCs among individual cells, providing a measure for 

balancing. Corresponding states can also be introduced to char

acterize aging effects. The unbounded-capacity-based first-or

der state of homogeneity SoHo1st
C represents the maximum ca

pacity difference between individual cells relative to the 

maximum capacity. While the full range from 1 to 0 is theoreti

cally possible, lower values are not practically relevant. There

fore, the EoL-bounded-capacity-based state of homogeneity 

SoHo1st
C;EoL is normalized to the capacity loss of the pack from 

BoL Cpack,BoL to EoL Cpack,EoL.

The second-order state difference quantifies variations among 

individual cells by using the standard deviation, ensuring consis

tency in units with the measured quantity and enhancing inter

pretability. To determine these, the corresponding average 

values of the SoC (μsoc), capacity (μC), and internal resistance 

(μR) of the individual cells are required. Unbounded definitions 

of the second-order state of homogeneity can be defined simi

larly. Alternatively, a state of inhomogeneity can be introduced, 

defined as SoI = 1 − SoHo.

In practice, we recommend using bounded state definitions 

(SoX∈[0,1] with X∈[C,E,P,H]) together with state homogeneity 

metrics to ensure a clear, comparable, and application-relevant 

description of battery packs.

CHARACTERIZATION METHODS

Characterization methods such as electrochemical impedance 

spectroscopy (EIS), DRT analysis, pulse testing, and DVA, 

SoC

Qch

C1

C2

C3

Qch,pack

Qdc

Qdc,pack

Cell 1 Cell 2 Cell 3 Pack

not
usable

Figure 7. Battery pack capacity 

Schematic representation of the determination of 

the battery pack discharge capacity, Qdc,pack, and 

charge capacity, Qch,pack, for a series connection 

of 3 cells with varying individual discharge (Qdc) 

and charge (Qch) capacities, as well as different 

SoCs. The shaded area indicates the unusable 

capacity of the individual cells.
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which were developed for electrodes and single cells, offer 

great potential for the diagnostics and characterization of bat

tery packs and could enable a system-specific analysis of inho

mogeneities and aging. In the context of electrical characteriza

tion, usually, a current signal is employed as the excitation, and 

a voltage response is utilized as the measurement. While it is 

technically possible to use cell-level characterization methods 

to study battery packs, meaningful and reliable results can 

only be obtained in conjunction with consistent pack-state 

definitions. The key is in combining cell- and pack-level 

information, including their inhomogeneities and variations, 

and understanding their interactions at the multi-component 

level. A physico-chemical interpretation of characterization re

sults at the pack level is generally inadmissible and only helpful 

for discussion in conjunction with the state description of 

inhomogeneities.

In general, the electrical characterization can be carried out 

through a variety of methodologies, which are schematically 

illustrated in Figure 8. Wang et al.84 distinguished between two 

approaches: centralized and distributed. In the centralized 

approach, the excitation signals are applied at the terminals of 

the entire pack, while in the distributed approach, these signals 

are individually applied to each (logical) cell. This distinction is 

extended to both excitation and measurement in this work. 

Furthermore, the centralized-distributed methodology is added. 

This approach simultaneously excites the entire pack while per

forming measurements on individual logical cells. However, this 

method necessitates precise synchronization between the exci

tation and measurement signals.

Among the available methodologies, the centralized approach 

holds a unique position: by analyzing only the terminal signals of 

the entire battery pack, it offers a simple and scalable solution 

that requires no access to individual cells, making it particularly 

attractive for real-world applications. While this allows for fast 

implementation, it also introduces fundamental limitations. Inter

nal variations between cells—such as aging differences, defects, 

or outliers—are superimposed and effectively blurred. Conse

quently, global trends such as internal resistances can be 

tracked, but the interpretation remains qualitative. However, 

cell or pack failures, as well as inhomogeneous aging behavior, 

may still leave detectable signatures in the overall signal, offering 

potential for fast identification of outliers or unexpected pack 

behavior.

EIS

EIS is a widely recognized technique for analyzing electrochem

ical systems. Its primary objective is to determine the system’s 

frequency response function, expressed as the complex imped

ance. By stimulating the system with a range of frequencies, spe

cific electrochemical and transport processes—such as diffu

sion, migration through passivation layers, and charge 

transfer—can be selectively addressed and analyzed. Accurate 

results require the system to exhibit linear response behavior 

and remain time invariant, which necessitates the use of low- 

level signal amplitudes and strict validation protocols.85–88 The 

methodology, along with numerous applications, is extensively 

covered in the literature, including textbooks89 and review 

articles.90–93

Table 3. Definition of state-difference descriptions

Term Definition

State-of-charge-based first-order state of homogeneity SoHo1st
SoC ≜ 1 − max

i∕=j
{
⃒
⃒SoCi − SoCj

⃒
⃒}

Unbounded-capacity-based first-order state of homogeneity

SoHo1st
C ≜ 1 −

max
i∕=j

{
⃒
⃒Ci − Cj

⃒
⃒}

max{Ci}

EoL-bounded-capacity-based first-order state of homogeneity

SoHo1st
C;EoL ≜ 1 −

max
i∕=j

{
⃒
⃒Ci − Cj

⃒
⃒}

Cpack;BoL − Cpack;EoL

Unbounded-resistance-based first-order state of homogeneity

SoHo1st
R ≜ 1 −

max
i∕=j

{
⃒
⃒Ri − Rj

⃒
⃒}

max
i

{Ri}

EoL-bounded-resistance-based first-order state of homogeneity

SoHo1st
R;EoL ≜ 1 −

max
i∕=j

{
⃒
⃒Ri − Rj

⃒
⃒}

n− 1
s (Rpack;EoL − Rpack;BoL)

State-of-charge-based second-order state of homogeneity
SoHo2nd

SoC ≜ 1 − n− 1
s

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑ns

i = 1 (SoCi − μSoC)
2

√

Capacity-based second-order state of homogeneity

SoHo2nd
C ≜ 1 −

n− 1
s

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑ns

i = 1 (Ci − μC)
2

√

Cpack;BoL − Cpack;EoL

Resistance-based second-order state of homogeneity

SoHo2nd
R ≜ 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑ns

i = 1 (Ri − μR)
2

√

Rpack;EoL − Rpack;BoL

First- and second-order states of homogeneity for a serial connection of i∈[1 … ns] (logical) cells introduced in this review.
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When applying EIS at the pack level, the parasitic effects of 

cell contacts, cable routing, and the battery management sys

tem can introduce both systematic and random errors in the 

impedance measurement.94 Consequently, calibration is typi

cally necessary to ensure accurate and reliable results, as 

demonstrated by Kasper et al.95 However, additional challenges 

can arise depending on the connection topology.

In a parallel configuration, the lower impedance (cf. Figure 9A) 

leads to higher currents being required to maintain the same 

signal-to-noise ratio, creating significant challenges for the instru

mentation. Moreover, measuring the current of individual cells is 

essential to verify the absence of balancing currents between 

them, as such currents can compromise the time invariance and 

linearity of the measurements. Given the potentially slow decay 

of balancing currents, future advancements may benefit from 

the application of nonlinear and time-varying methods.96

In a series connection, the effects vary depending on the anal

ysis method employed. In a centralized approach, increasing the 

number of cells leads to greater impedance averaging, resulting 

in a loss of detailed information about individual cells94,98 (cf. Fig

ure 9B). This approach also presents challenges for measure

ment equipment, as high-precision voltage measurement is 

necessary to maintain a low current amplitude. Despite these 

challenges, EIS has been effectively applied in the centralized 

approach to identify inhomogeneously aged cells within a 

pack.94,99

In a distributed approach, the implementation and control of 

multiple switching devices can induce crosstalk between neigh

boring cells, potentially leading to inaccuracies in EIS measure

ments.100 Beelen et al.101 developed a method to account for 

crosstalk and subsequently applied it for temperature estima

tion. A review of different distributed devices and applications 

can be found in Wang et al.84

The centralized-distributed approach eliminates crosstalk and 

enables low-voltage measurements; however, synchronization 
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Figure 8. Schematic representation of 

different battery pack analysis methods 

Centralized (A), distributed (B), and centralized- 

distributed (C) analyses of battery packs.

between excitation and measurement re

mains a significant challenge. To the best 

of the authors’ knowledge, no publica

tions have yet been reported utilizing 

this approach.

DRT analysis

Identifying and separating the behavior 

of internal electrochemical processes 

using EIS alone is often challenging, 

which is why post-processing methods 

are frequently employed. One emerging 

technique for this purpose is DRT. This 

method deconvolves frequency-domain 

data into a time-domain distribution func

tion, enhancing resolution and enabling 

the analysis of processes that would otherwise be difficult to 

separate. Due to the ill-posed and ill-conditioned nature of the 

DRT optimization problem, regularization is crucial for obtaining 

physically meaningful results. However, selecting an appropriate 

regularization parameter remains challenging,102–105 and even 

with the correct parameter, some information may be lost due 

to peak merging and smoothing of the distribution function.106

A detailed description of the method is available in the relevant 

literature106–108 and review articles.109–111

To the best of the authors’ knowledge, the DRT has been 

applied at the material and cell levels but has not yet been 

extended to the pack level.109 Exploring pack-level integration 

is promising, as preliminary work on CtCvs22 shows good re

sults, and upscaling from the cell to the pack level may mirror ef

fects seen in upscaling from half cells to full cells.

The potential of DRT on pack-level data strongly depends on 

the topology of the analysis. In the central approach, the smooth

ing effects of the regularization are superimposed on the CtCv 

and parasitic effects, which limit the interpretability of the results. 

In particular, this will complicate the identification of characteris

tics of individual cells. However, it may be feasible to determine 

the aging modes of the entire pack through a comparative anal

ysis with a pack at the BoL.

The distributed and central-distributed approaches may 

enable the analysis of individual cells, but the success of this 

approach depends on data quality and parasitic effects, given 

the method’s high sensitivity to measurement noise.109,110 One 

potential solution is to use time-domain DRT112–114 for analyzing 

pulse tests instead of impedance spectra. However, this 

approach may lead to the loss of high-frequency information 

due to limited sampling rates.

Pulse testing

Pulse tests apply charging or discharging pulses of constant cur

rent lasting several seconds, enabling characterization of a 
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battery’s internal resistance, dynamic response, and perfor

mance under realistic operating conditions. The hybrid pulse- 

power characterization test, introduced in EV battery test 

standards,115 has become widely adopted.116,117 While most 

standards use these tests to calculate pseudoresistance, the 

test is also used to parameterize equivalent-circuit models by 

analyzing voltage under load118 or during relaxation.22,119,120

The closely related galvanostatic intermittent titration technique 

uses a simplified diffusion model121 to estimate diffusion coeffi

cients, which, while non-transferable between cells,122 reveal 

the impact of factors like SoC and temperature.123 Specialized 

pulse tests with millisecond duration can measure true ohmic 

resistance,124,125 often missed by standard equipment due to 

the overlap of time constants. Recent studies analyze pulse 

shapes at high sampling rates (>1 kHz) using Fourier transforms, 

linking the method to EIS.126 However, translating results be

tween time- and frequency-domain methods in nonlinear sys

tems requires careful handling.127

Pulse testing can easily be applied to battery packs to 

determine total resistance or equivalent circuit model param

eters.53,128 Similar to EIS, individual cell characteristics are 

averaged, time constants are blurred, and additional imped

ance from cell connectors and wiring is incorporated.129 In 

parallel connections, uneven current distribution requires 

modules with specially designed single current sensors,11

limiting the method’s applicability to highly integrated battery 

packs.

In the context of serial connections, the centralized-distributed 

approach facilitates the identification of production variations, 

temperature inhomogeneities, and intra-package aging varia

tions,19 during end-of-line testing, quick SoH assessment,130 or 

during operation127,131 through battery management electronics. 

Sampling rates above 100 Hz and precise synchronization be

tween cell voltage and precise synchronization between cell 

voltage and current measurements are essential for this 

approach,132 but recent advancements in modern application- 

specific integrated circuits have successfully addressed these 

challenges. For very large battery systems comprising thousands 

of cells, statistical methods for cell analysis are imperative.133

Integrating pulse tests during normal battery operation pro

vides a future alternative to online EIS measurements, either 
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Nyquist plot of impedance for a single cell, as well 

as for a series and a parallel connection of two 

cells from cell 1 of the dataset97 (A) and the relative 

contribution of a single cell to the total impedance 

in a centralized approach with varying numbers of 

serially connected (logical) cells (B).

by cell-individual excitation in a distrib

uted approach, e.g., utilizing the cell- 

balancing circuitry,134 or by utilizing 

chargers as free pulse sources in a 

centralized-distributed system.135 How

ever, current research primarily focuses 

on interpreting measurement results, 

with the main challenge being the separation of influencing fac

tors such as temperature, SoC, and SoH.

Electrochemical voltage analysis

Incremental capacity analysis (ICA) and DVA are widely used 

techniques for diagnosing aging mechanisms and identifying 

specific degradation pathways in LIBs.136,137 Both methods 

are based on the voltage response during charging and dis

charging, utilizing the first derivative of charge throughput 

∂Q⋅∂V− 1 = f(V)138,139 and the voltage ∂V⋅∂Q− 1 = f(Q)140,141 for 

ICA and DVA respectively. This amplifies subtle voltage changes 

and, when combined with pre- and post-degradation data, pro

vides a comprehensive assessment of active degradation 

modes.136,142 A complete history and theoretical background 

for the techniques can be found in Barai et al.,143 whereas Du

barry and Anseán142 provide best practices for implement

ing them.

Performing ICA or DVA on packs with distributed or central

ized-distributed monitoring is straightforward due to the avail

ability of single-cell data. At the centralized level, IC and DV 

curves have been documented for packs since the late 

2000s,98,144–147 with studies comparing responses at the cell 

and pack levels.42,80,81,83,148–152 These studies demonstrate a 

characteristic broadening of voltage features as the scale in

creases, as shown in Figures 10A and 10B. While voltage 

changes at the homogeneous single-cell level are well under

stood,142 quantifying the impact of inhomogeneities remains 

challenging, both for single cells18,140,153,154 and packs.23,133

To predict these variations, pack models need to go beyond a 

simple scaled-up single-cell approach. They should allow sepa

rate degradation simulations for each cell, considering CtCv, 

imbalance, and balance, which is an inherently complex task. 

Accurate simulations of degradation and CtCv facilitate the 

modeling of the effects of imbalance due to the fact that the ca

pacity and voltage response of each cell are known and can be 

used to estimate imbalances. Experimentally, quantifying this 

can be challenging, but methods have been proposed, such as 

using resting cell voltages155 or graphical approaches.156,157

The knowledge of each cell’s voltage response and matching fa

cilitates the simulation of balancing effects by applying one of 

several available balancing algorithms.158

Cell Reports Physical Science 6, 102919, November 19, 2025 13 

Review

ll
OPEN ACCESS



While electrochemical voltage analyses are attractive and 

gaining traction for battery-management systems and pack ap

plications, some hurdles remain for accurate diagnosis, espe

cially for centralized monitoring. Most studies in the literature 

use high-resolution constant-current data over the entire voltage 

window, which might be complicated in deployed applications or 

if there is a significant imbalance without access to the single 

cells. However, recent work showcased that the technique can 

be used effectively outside of the constant current, using rest pe

riods133,159 or cases where the duty cycle is predictable.160,161

Moreover, the use of a degradation-mode mechanistic model 

to generate synthetic data enveloping all degradations162,163 or 

inhomogeneity levels153,155 might offer the opportunity to test 

the applicability of any diagnosis approach on partial or noisier 

charge and discharge curves.164 In addition, some further 

voltage and performance variations will also arise at the pack 

level because of inhomogeneities18 induced by CtCvs, imbal

ance, and balancing.158,165–169

OVERVIEW AND OUTLOOK

This review consolidates the fundamental principles of the elec

trical and electrochemical properties and behavior of battery 

packs, addressing fragmented knowledge to provide a founda

tion for future research.

Two major challenges are identified. First, the lack of harmo

nized definitions for key battery states, such as SoC, SoE, and 

SoH, hampers the interpretation of pack-level characterization 

results, as well as the comparability and reproducibility of results 

across studies. To address this, we provide a structured review 

of existing definitions, suggest adaptations, introduce new state 

definitions, and provide informed recommendations on the most 

appropriate definitions for consistent and meaningful applica

tion. However, state definitions at the pack level remain ambig

uous, as the same overall pack state can result from different 

combinations of individual cell states. To address this, we intro

duce the state of homogeneity as an additional descriptor that al

lows for a more accurate and comprehensive description of bat

tery packs.

The second challenge is the characterization of battery packs. 

The core difficulty here is not the availability of methods but their 

meaningful application to multi-component systems. Many tech

niques, such as EIS, DRT, pulse testing, and electrochemical 

voltage analysis, are well established at the cell level, but their 
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interpretation at the pack level is compli

cated by CtCvs, parasitic effects, and 

non-uniform states. While the methods 

themselves are largely transferable, their 

diagnostic value depends critically on 

an accurate description and understand

ing of the battery pack and its states. Due to the superposition of 

heterogeneous cell responses, pack-level characterization does 

not reflect distinct electrochemical processes as clearly as at the 

single-cell level. Instead, characteristic features are averaged, 

broadened, or masked, limiting analysis to qualitative trends 

rather than allowing quantitative or mechanistic interpretation. 

To enable reliable application and to raise the method’s potential 

at the pack level, further detailed work is required to account for 

interconnect topology, current distribution, and analysis config

uration (e.g., centralized vs. distributed), as these factors signif

icantly influence both signal quality and interpretability of the 

results.

The main conclusion of this work is that meaningful and reli

able characterization of battery packs requires the combined 

application of adapted characterization methods and harmo

nized and unambiguously defined pack-level states. Bridging 

this gap will enable robust monitoring, accurate diagnostics, 

predictive maintenance, and reliable operation of battery 

packs.

This review sheds light on a rapidly evolving research field 

marked by significant challenges. It achieves two key goals: 

consolidating fragmented knowledge and bridging critical 

gaps, thereby laying the foundation for progress in both scientific 

understanding and real-world applications such as e-mobility 

and grid-scale energy storage.
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