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ABSTRACT

The transition toward sustainable and high-performance batteries requires not only advances in materials and
architectures, but also the adoption of systematic approaches to experimental design. This review highlights the

gimery ;Pm_“izlati‘m role of design of experiments (DoE) as a versatile and powerful methodology to accelerate innovation in the

ectrochemical energy storage battery field. By replacing trial-and-error strategies with statistically sound frameworks, DoE enables the

Battery performance and aging . . . o . . - .

g . exploration of multiple variables and their interactions, offering deeper insights into complex phenomena that

Recycling and circular economy . . o . Co .

Thermal management and safety govern synthesis, performance, safety, recycling, and lifetime of batteries. Applications reviewed span from the
optimization of electrode formulations and cathode synthesis to advanced thermal management strategies and
recycling processes of end-of-life batteries. Across these domains, DoE has proven to reduce experimental
redundancy, enhance reproducibility, and guide the identification of optimal operating conditions. The review
also illustrates how DoE can act as a bridge between laboratory-scale research and industrial scalability,
providing tools that are essential for the development of next-generation energy storage technologies. By pre-
senting a comprehensive overview of its impact, this article aims to inspire researchers to embrace DoE as a
cornerstone for systematic innovation, fostering both scientific progress and sustainable deployment of elec-
trochemical energy storage.
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BTMS Battery thermal management system EV Electric vehicle
CA Conductive additive FFD Full factorial design
CB Carbon black FIM Fisher information matrix
ccev Constant current constant voltage FLAB Flooded lead acid battery
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(continued)
L/S Liquid-to-solid ratio
ML Machine learning
NCA Nickel cobalt aluminum
NMC Nickel manganese cobalt
NT Nanotube
OA Orthogonal array
ocv Open circuit voltage
OFAT One-factor-at-a-time
PB Plackett-Burman
PCM Phase change material
PD Pulp density
PDCS Power distribution control strategy
PHEV Plug-in hybrid electric vehicle
PQRSM Progressive quadratic response surface method
PVDF Poly(vinylidene difluoride)
RFB Redox flow battery
RMS Root mean square
RMSE Root mean square error
RSM Response surface methodology
RTE Round-trip efficiency
SEI Solid electrolyte interphase
SIB Sodium-ion battery
SLIB Spent lithium-ion battery
S/N Signal-to-noise ratio
SoC State of charge
SoH State of health
SSB Solid-state battery
™ Taguchi method
TR Temperature raise
uc Ultracapacitor

1. Introduction

Energy storage technologies are at the heart of the ongoing transition
toward a sustainable, electrified, and digital society. Batteries today
underpin applications ranging from portable electronics to electric ve-
hicles (EVs), stationary energy storage systems (ESSs) and smart grids,
playing a central role in decarbonization and energy transition [1-3].
Alongside performance, the sustainability and reliability of their life
cycle has become a strategic priority, spanning materials design, oper-
ando safety, recycling, and second-life applications [4-6]. The push for
higher energy density, faster charging, improved durability, and
enhanced safety is not limited to lithium-ion batteries (LIBs), but also
extends to post-lithium technologies (e.g., sodium- [7-13], potassium-
[14], and multivalent-ion batteries like zinc ones [15-24]). Despite their
diversity, all these technologies share the need for systematic and effi-
cient experimental strategies supporting optimization and performance
assessment [25,26]. In this complex landscape, where chemistry, phys-
ics, and engineering converge, rigorous and statistically grounded
experimental planning emerges as a key enabler for accelerating inno-
vation, reducing uncertainty, and ensuring reproducibility across labo-
ratories and scales.

The performance of LIBs depends on energy storage, power output,
capacity retention, cycle life, and charging speed, which are governed by
interconnected chemical, physical, and manufacturing parameters.
These parameters arise from a multiscale interplay among components
(anode, cathode, electrolyte, separator, binder) and processing condi-
tions, highlighting the need for tools that capture interactions rather
than single-factor effects [27-36]. Historically, understanding such re-
lationships has relied on trial-and-error or one-factor-at-a-time (OFAT)
strategies, which are not only time- and resource-intensive, but also
statistically inefficient and unable to resolve interactions or non-
linearities. Coupling experiments with modeling has improved predic-
tive capability, but the demand for efficiency and robustness has grown
exponentially. In this context, statistical design of experiments (DoE)
represents a powerful and systematic methodology to extract reliable
information from a limited testing, supporting not only parameter
screening, but also model building, optimization, and uncertainty
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quantification.

DoE revolves around the identification of independent variables
(factors) and dependent variables (responses), exploring their in-
teractions to establish empirical models of the studied system [37-39].
Common factorial designs, such as ok (for screening) and gk (to capture
quadratic relationships), provide the foundation, while response surface
methodology (RSM) enables intuitive visualization of factor/response
relationships via 3D and contour plots [40,41]. More sophisticated ap-
proaches include Taguchi designs, which account for uncontrollable
noise factors through the signal-to-noise ratio (S/N), and simplex
centroid designs, where experimental points are distributed across
vertices and centroids of the design space. Optimal designs become
essential when resources are limited or when constraints dictate unique
experimental conditions. Statistical validation — through residual anal-
ysis, analysis of variance (ANOVA), lack-of-fit (LOF) tests, and inde-
pendent confirmation runs — is crucial to avoid overfitting and ensure
model robustness, a point particularly emphasized in modern DoE
practice. A scheme of the DoE methodology is represented in Fig. 1. The
methodology is now consolidated across numerous fields, including
photovoltaics [42-51], membranes-based technologies [52-61], elec-
trochromic devices [62-71], materials engineering [72-81], etc.

In the field of LIBs and beyond, DoE has demonstrated its value in
multiple directions [83]: from the synthesis of electrode materials —
where the ratio of active material (AM), conductive additive (CA), and
binder (B) critically defines energy and power density — to the optimi-
zation of cell manufacturing, where electrode coating, drying, and
calendering conditions dictate quality and reproducibility. Further ap-
plications include electrolyte formulation, separator design, and the
optimization of thermal management strategies, where DoE helps to
identify the most relevant parameters controlling temperature rise (TR)
and coolant efficiency. In operational terms, DoE has also been suc-
cessfully applied to identify optimal charging protocols, such as pulse
charging and multi-stage constant current, enabling shorter charging
times, enhanced cycle life, and suppression of dendrite growth.

Crucially, the strength of DoE lies in its versatility and transferability
across scales and technologies. At the material discovery stage, DoE has
been employed to accelerate the exploration of novel electrode chem-
istries, such as high-nickel cathodes or silicon-based anodes, where
multiple compositional and processing parameters must be optimized
simultaneously. In industrial manufacturing, DoE supports process
robustness by quantifying variability and identifying sensitive factors in
slurry rheology, coating uniformity, drying rates, and calendering
pressures. At the system level, DoE contributes to thermal management
and safety by guiding the design of battery packs with optimized coolant
flow rates, reduced temperature gradients, and minimized risks of
thermal runaway. This multiscale applicability underscores the need for
a unified statistical framework capable of informing decisions across the
entire battery value chain, not merely optimizing individual unit
operations.

Moreover, DoE has proven to be a transversal methodology beyond
LIBs, with expanding relevance for next-generation chemistries. In
sodium-ion batteries (SIBs), DoE has been used to tune electrolyte for-
mulations for improved cycling stability. In solid-state batteries (SSBs)
[84-93], it enables the identification of processing windows for ceramic
electrolytes and polymer-ceramic composites [94-103], where sintering
temperature, pressure, and dopant levels critically affect ionic conduc-
tivity. Even in hydrogen storage systems and fuel cells [104], DoE has
guided the optimization of catalysts, membranes, and operating condi-
tions, ensuring efficient performance under real-world constraints. This
breadth of applications highlights the role of DoE not merely as a sta-
tistical tool, but as a methodological bridge between laboratory explo-
ration and industrial implementation. By reducing experimental
redundancy, quantifying uncertainty, and enabling structured compar-
ison across studies, DoE supports reproducible and accelerated
innovation.

Perhaps most importantly, DoE provides a systematic framework to
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Fig. 1. DoE methodology. The process typically involves: i) Problem definition and goal setting: the problem and objectives of the experiment are clearly defined,
and the relevant responses, factors, and their appropriate settings based on these objectives are chosen; ii) Experimental design selection: an appropriate experi-
mental setup, which includes the number of factors, levels, repetitions, blocks, randomization, and the creation of a practical model, is selected; iii) Conducting
experiments: experiments are carried out according to the chosen design. In some cases, especially in preliminary stages or screening, conducting a few initial
experiments may help to determine suitable factor ranges; iv) Data analysis: statistical methods, such as ANOVA, and graphical tools to process the collected data are
utilized; v) Objective conclusions: the results of the statistical analysis provide the basis for forming objective conclusions. Adapted and reprinted with permission

from [82].

accelerate the discovery, development, and deployment pipeline in
battery research. By rigorously identifying significant trends, in-
teractions, and optimal operating windows, DoE supports the rational
design of experiments in areas as diverse as recycling, aging studies,
materials synthesis, thermal management, and safety engineering. In
this review, the rapidly growing DoE literature is classified into four
main domains — materials and synthesis, performance and aging, safety
and thermal management, and recycling — and methodological prac-
tices, highlighting both opportunities and limitations of the current
approaches, are critically evaluated.

2. A methodological framework for DoE in battery research

DoE plays a growing and increasingly strategic role in battery science
and engineering, yet its adoption across the literature remains hetero-
geneous in both methodological rigor and reporting clarity. While many
studies successfully employ DoE to accelerate materials optimization,
manufacturing process tuning, and performance evaluation, a critical

cross-analysis reveals recurring patterns, strengths, and limitations. This
section provides a unified framework that contextualizes the diverse
DoE strategies observed in battery research, outlining key methodo-
logical principles that will serve as a reference for the application-
specific sections that follow.

DoE strategies applied in battery studies can be broadly categorized
into five families, as detailed in Table 1.

A critical analysis of the existing DoE literature in battery research
reveals that the quality of empirical models — and ultimately the reli-
ability of the conclusions drawn from them - depends strongly on three
interconnected elements: appropriate model selection, rigorous valida-
tion, and assessment of the practical robustness of the identified optima.
Although these aspects are central to the DoE philosophy, they are
implemented unevenly across studies, often limiting the predictive
strength and transferability of published results.

One recurrent challenge is the alignment between design size and
model complexity. Several studies employ quadratic response surface
models even when the number of experimental runs provides limited

Table 1
DoE strategies applied in battery studies.
DoE family Typical goal Number of Model capability Typical battery applications Strengths Limitations
factors
Screening designs Identify dominant High (>6) Linear + Electrolyte screening, recycling Minimal experiments, No curvature, no
(FFD, fractional, factors interactions pre-treatment, aging factor ranking  fast insight optimization
PB) (limited)
Response surface Optimization & Medium Quadratic Slurry formulation, calendering, Predictive surfaces, Higher experimental
designs (CCD, BBD, modeling (2-5) leaching kinetics, thermal interpretable optima cost
3K management
Mixture designs Composition Medium- Polynomial Electrolytes, AM-binder-CA ratios, Handles compositional Not suitable for process
optimization high constrained solid-state composites constraints variables
Taguchi / robust Noise-insensitive Medium Main effects Charging protocols, thermal Simple, robust to Interaction
designs optimization (limited robustness, degradation mitigation  variability oversimplification
interactions)
Optimal designs (D-, Parameter Variable Model-dependent Aging models, ECM/EM Max info per Less intuitive, model-
I-optimal) identifiability identification, EIS-based models experiment dependent
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statistical power, creating an unfavorable ratio between parameters and
degrees of freedom. This issue becomes particularly acute in systems
characterized by strong nonlinearities — such as slurry rheology, solid-
state electrolyte sintering, hydrometallurgical leaching, or multi-stress
aging protocols — where curvature is expected, but the experimental
design does not always include enough information to resolve it. When
center points or replicated runs are absent, curvature detection becomes
impossible, and the fitted model risks capturing noise rather than
genuine trends. Conversely, some studies adopt screening models (e.g.,
first-order factorials) even when the targeted responses exhibit well-
known nonlinear behaviors. These mismatches highlight a general
need for hierarchical model-building strategies, in which linear, inter-
action, and quadratic terms are added only when justified by data and
supported by adequate experimental resolution.

Closely tied to model formulation is the issue of validation, which
remains the most heterogeneous component across the battery DoE
literature. Many studies rely predominantly on global goodness-of-fit
metrics such as R?, which, although informative, are insufficient to
judge the adequacy of a multi-parameter regression. More robust ap-
proaches — including ANOVA decomposition, residual diagnostics, LOF
tests, and significance evaluation of individual model terms — are re-
ported only in a fraction of publications. Replicate points, especially at
the design center, are essential for quantifying pure experimental error,
yet they are frequently absent. Even more rarely do studies include
confirmation runs at predicted optima or external validation tests under
conditions not used for model building. The lack of these steps reduces
confidence in model extrapolation and may obscure overfitting, espe-
cially in experiments performed under tightly controlled laboratory
conditions that do not reflect real-world variability. In contrast, the most
rigorous studies adopt a multi-layered validation approach, combining
statistical diagnostics with independent confirmation tests, thereby
demonstrating the reliability and reproducibility of their conclusions.

Beyond statistical soundness, DoE models must also be evaluated for
their practical significance, an aspect often overlooked in the literature.
Even when an optimum is statistically significant, its engineering rele-
vance may be limited if the predicted conditions lie at the edge of the
explored factor space, conflict with industrial constraints (e.g.,
maximum allowed drying temperature, feasible calendering pressure,
realistic electrolyte viscosity), or exhibit high sensitivity to small factor
perturbations. In several cases, optimized conditions involve extreme
parameter values that maximize the mathematical objective, but are
unlikely to be robust under scale-up or field operation. The scarcity of
robustness analyses — such as sensitivity maps, contour stability regions,
or multi-objective trade-offs — further limits the generalizability of many
DoE outcomes. Addressing these gaps would allow DoE to serve not only
as an optimization tool but as a framework for engineering decision-
making, integrating constraints, uncertainty and tolerance windows
directly into the design process.

Taken together, these considerations show that the value of DoE in
battery research extends far beyond reducing experimental effort: its
real strength lies in generating reliable, validated, and practically
meaningful models. Achieving this goal requires coherent alignment
between design structure and model order, the adoption of rigorous
validation protocols, and critical evaluation of whether statistically
optimal conditions are also robust and industrially relevant. As the
following sections will illustrate, differences in how these principles are
applied across the four major battery domains — materials synthesis,
performance and aging, safety and thermal management, and recycling
- strongly influence the quality and utility of the reported results.

3. DoE for recycling and recovery of battery materials

Battery materials recycling and recovery are pivotal for building a
sustainable and resilient battery value chain. In the context of rapidly
expanding battery production capacity, closing the loop of critical raw
materials is essential to reduce reliance on mining, mitigate
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environmental impact, and secure long-term supply. Advanced process
design and optimization, supported by DoE, are therefore crucial to
maximize metal yields, purity, and energy efficiency. Several studies
demonstrate that DoE can significantly improve recycling strategies by
enhancing the separation and recovery of valuable elements, thereby
supporting more sustainable lifecycle management. Particularly prom-
ising are bioleaching approaches optimized through DoE, which
combine high recovery rates with lower environmental burdens, offer-
ing a viable pathway for eco-friendly battery end-of-life (EoL) treatment.
The proposed approach is transversal in several technologies, like sun-
light conversion [105-114], chemical synthesis [115-124], and (super)
capacitors [125-134].

Among the efforts to reduce waste, prevent environmental degra-
dation and provide beneficial secondary raw materials, it is worthwhile
mentioning the recycling of used alkaline and zinc-carbon batteries.
These batteries are no longer classified as hazardous waste, but the
recycling of spent batteries is mandatory (in accordance with the Eu-
ropean Union Directives, 2006/66/EC). In this context, Calin et al. used
DokE to optimize a corona-electrostatic separation process for recovering
zinc and brass from the coarse fraction of shredded alkaline and Zn-C
batteries. The process performance depends on a balance of gravita-
tional, electrostatic, and drag forces acting on charged particles, which
in turn is controlled by the separator voltage (V) and the angle (a) of the
inclined feed plane. A full 3-level factorial design was carried out on
these two factors, and a quadratic model was fitted to describe the
dependence of metal recovery and purity on V and a. With the support of
the software MODDE (Umetrics), it was possible to determine two sta-
tistical measures, i.e., "goodness of fit" (R%) and "goodness of prediction"
(@%). The authors explicitly used R? and Q? to evaluate model adequacy,
requiring small separation between them to avoid overfitting. Replicates
at the center point allowed for the estimation of pure error and assess-
ment of curvature. The results were processed by the software to
determine the values of the coefficients of the polynomial model
excluding those for which the uncertainties were greater than their
value. Results indicate that the most important factor is the angle a. By
increasing the angle, a greater metal recovery rate was obtained, but
also a smaller metal purity fraction. With the help of the software, it was
possible to determine the optimal values of @ and V to maximize both the
recovery and purity of metal and plastic fraction. The values were V =
88 kV and a = 31°, corresponding to a metal recovery rate of 99.08 %
and a metal purity of 91.93 %, with 52 % of non-metallic fraction re-
covery rate. This study illustrated a good practice in recycling-oriented
DoE: a compact design, explicit model-validation metrics (R%, Q%), and
an optimization step that quantifies trade-offs between recovery and
purity.

In recent years, climate change has led the theme of recycling to
assume ever greater importance [135]. Most battery models contain
heavy metals that are toxic to both humans and environment. Hydro-
metallurgical and biometallurgical routes have emerged as promising
alternatives to pyrometallurgy, enabling more selective metal recovery
with lower energy input, but at the cost of increased process-complexity
and multidimensional parameter spaces [136-145]. To optimize bio-
leaching of heavy metals from spent Ni-Cd and nickel-metal hydride
batteries, Bajestani et al. implemented a Box-Behnken DoE on three
factors: initial Fe> concentration, initial pH of Acidithiobacillus fer-
rooxidans culture, and initial particle size of the battery powder [136].
The 17-run design enabled estimation of main effects, interactions and
curvature, with metal recoveries monitored by atomic absorption
spectroscopy. Results indicated that minimizing initial powder size
resulted in higher recovery efficiency for nickel and cobalt, while cad-
mium reached its maximum recovery efficiency at the larger mesh size.
Lower pH and higher Fe3* favored Ni and Co dissolution, whereas Cd
leaching was maximized under opposite conditions, highlighting the
intrinsic multi-objective nature of the problem. The target was to opti-
mize the synchronous extraction of the three metals, so the initial values
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of the factors were defined as follows: lowest initial pH (1), maximum
initial Fe>* concentration 9.7¢g L'l), and a mean particle size (62 um).
This setting made possible optimizing the simultaneous extraction of the
three metals from the bioleaching of solid waste made of metal com-
pounds with the resulting percentage of 87 % for the nickel recovery,
93.7 % for cobalt, and 67 % for cadmium. This example illustrated how
RSM-based DoE can be used not only to locate single-metal optima, but
to compromise between conflicting extraction trends, although explicit
robustness or scale-up analyses were not reported.

Due to the increasingly widespread use of LIBs and, contextually, the
difficulty in processing the raw materials, recycling lithium, cobalt,
manganese, copper, and nickel from decommissioned batteries has
become of great interest. Three main approaches are commonly adop-
ted: i) pyrometallurgy; ii) hydrometallurgy; iii) direct recycling. Among
these, pyrometallurgy is the simplest, but also the least in terms of
quantity and quality of the recycled metals. Hydrometallurgy, consisting
of leaching, solution purification, and metal recovery, is better in terms
of final yield, but demands prior physical separation and sorting phases
of the battery components. Direct recycling is the most complex, with
several techniques to be applied, but it has the advantage of recovering
fully functional AMs ready to be used in new battery production [146].
Within direct recycling, Wolf et al used DoE to optimize
centrifugation-based separation of lithium iron phosphate (LFP) and

b

A
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carbon black (C65) from aqueous dispersions, exploiting density and
size differences between the two solids [147]. DoE was applied to
investigate the dependencies on the working parameters of the three
output values: Teabon, Trrpteco)> and Tiepixrr), Which represented the
separation efficiency of carbon and LFP analyzed by LECO analysis and
X-rays fluorescence, respectively. Fig. 2A represents the parameter space
investigated via DoE. A reduced factorial design allowed for mapping
the effect of rotation speed and volumetric flow rate on these responses,
identifying conditions (54 000 rpm, 50 mL min-!) that maximized LFP
retention while transferring most carbon to the centrate. Structural and
electrochemical characterization confirmed that LFP recovered under
DoE-optimized conditions retained ~98 % of the capacity of commercial
LFP, directly linking the statistical optimization to functional
performance.

The recycling of cobalt, nickel, and manganese constituting LIBs is
actively performed, while lithium — which is present with a percentage
of 4-7 % in battery content — is sometimes not recovered for economic
reasons. Indeed, lithium is recovered only after the recovery process of
the other metals. Selective lithium leaching process, often based on prior
roasting, can avoid this drawback enabling Li recovery as LisCOs or
related phases before or alongside transition-metal recovery. Jung et al.
focused on the study of the optimal roasting conditions and on the se-
lection of the liquid-to-solid ratio (L/S) with the use of an experimental
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Fig. 2. A) DoE-investigated parameter space for centrifugation-based separation of LFP and carbon black (CB) for LIB recycling. Three rotational speeds and
volumetric flow rates were chosen and a total of 9 experiments were conducted in randomized order. B) S/N graph for the optimization of selective lithium leaching
of cathodic AMs from spent LIBs based on the Taguchi method (TM). X-axis labels refer to the explored parameters listed below the plot. Contour plots related to LIB
AM dissolution kinetics in Fe(II)/Fe(III) catalyzed Cu-H,SO4 leaching system: C) model 2 predicting the reaction rate constant past the 30 min point, 1 — (1 — x)l/ 3 =
kc-t. D) Model 1 shows that the source of noise is the lower part (k. < 3.625). Adapted and reprinted with permission from [148-150].
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design based on the Taguchi method (TM) [148]. Using a Taguchi
orthogonal array (OA) (L18, 2 x 34), they screened the influence of heat
treatment atmosphere, powder size, roasting temperature, roasting time
and L/S ratio on lithium leaching, with S/N analysis and ANOVA used to
quantify factor effects. The heat treatment was identified as the
parameter with the greatest impact on lithium leaching, followed by L/S
ratio and, to a lesser extent, residence time. Confirmation experiments at
the predicted optimum (1 h at 700°C under Ny, L/S = 1:30) yielded
lithium leaching ratios close to those predicted by the Taguchi model
(65.73 % vs 67.13 %), supporting the validity of the approach (Fig. 2B).
This is one of the few Taguchi-based recycling studies that explicitly
report both S/N optimization and a successful confirmation step,
although, again, robustness to feedstock variability remains unexplored.

According to the hydrometallurgical recycling of LIBs, a wide range
of lixiviants are used, but only few of them are interesting in terms of
price and technology. HoSO4 remains one of the most viable because of
its low cost and chemical stability. To obtain excellent cobalt extrac-
tions, the cathode AMs in LIBs require a reducing species due to the
stability of the present higher-valence oxides. In this context, Porvali
et al. investigated an HyO»-free leaching system in which dissolved Fe
(ID)/Fe(IlI) and copper participate in the reduction of LiCoO5 in HySO4.
CCD was used to study the effect of FeSO4-7H20 and metallic copper
loadings on the reaction rate constant (k) over two time windows (<30
and >30 min). Two regression models were created from k.: i) model 1
for < 30 min; ii) model 2 for > 30 min, assuming a cubic rate law:

2.5
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1-(1-x)5 =kt (Eq. 1)

Backward elimination was used to remove statistically insignificant
terms, and ANOVA indicated that Fe(II) and the Fe-Cu combined effect
strongly influenced the LiCoO, dissolution rate, while copper alone did
not significantly enhance cobalt extraction (Fig. 2C and D). This study
was exemplary in its use of CCD to couple kinetic modeling with factor
screening, although the design is limited to two factors and does not
explicitly explore robustness with respect to temperature or solid
loading.

Kahl et al. proposed a method to recover lithium from production
waste as a lithium salt [149]. The method consisted in the thermal
oxidation of pure lithium to Li;O at a temperature between 300 and
400°C. After the oxidation, the product was dissolved in deionized
water, filtrated, and eventually crystallized as LiOHeH>0, with purity
>99.5 %. To make the process industrially viable, a 3% BBD was used to
optimize temperature, residence time, and lithium sheet thickness
(Fig. 3A). According to ANOVA, temperature and its quadratic term
were dominant, with thickness as the second most influential factor and
residence time having a smaller effect. The resulting regression model
identified an optimum at 400°C, 2 mm thickness, and 2.5 h residence
time, which was validated by two confirmation experiments yielding
lithium conversion of 96.9 + 2.6 %. This is a clear example of how DoE
can efficiently map parameter space and identify near-complete

A: Temperature

C: L:S ratio|

Al

(2]

B: Residence time|

-
0 ' 4 6 8 10 12
Standardized effect
D) _— A
3 95 /?’5
\
%
2 90
3
. = ™ 4
Q% / / %>
/ /b/

25 30 35
SoC /%
min

Fig. 3. A) Box-Behnken experimental design for a recycling process of primary LIBs production residues. B) Pareto diagram with significant effects on lithium yield
coming from a CO, leaching (COOL) process. C) Fishbone-diagram of the identified causes effecting aging and the measurement thereof when large scale aging
experiment for two popular lithium-ion cell chemistries is carried out. D) Cyclic capacity loss in % relative to beginning of life (BoL) capacity after 175 kAh as a
function of two factors, shown on x and y axes, related to cyclic aging of automotive grade lithium-ion cells. Adapted and reprinted with permission from [151,152,

222,225].
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conversion conditions with limited experiments, though again the
variability of feed composition is not explicitly addressed.

The COOL process is a selective direct carbonization process to
recover lithium from LIBs by the use of selective leaching properties of
supercritical COo/water. According to the fact that all LIBs have the
same basic structure, it is really promising because it is applicable to all
kinds of LIBs and constitutes an alternative to conventional pyrometal-
lurgical and hydrometallurgical methods. Moreover, supercritical fluids
are interesting alternatives to traditional solvents used for metal
extraction. Pavon et al. investigated the digestion of black mass at high
pressure (100 bar) and varying temperature, residence time, and water:
black mass ratio, using a 3% BBD to optimize lithium yield [150]. Sta-
tistical analysis (Pareto charts, ANOVA) showed that temperature and
L/S had the strongest effects on lithium yield, including their interac-
tion, while residence time had a minor influence (Fig. 3B). The opti-
mized conditions predicted a lithium yield of 98.8 wt %, with
experimental validation yielding 94.5 + 0.3 wt %, indicating good,
though not perfect, predictive performance and pointing to additional
sources of variability not captured by the model.

Disposing of spent LIBs (SLIBs) in landfills can cause environmental
and ecological problems, so effective management of SLIBs is crucial.
The metal values in SLIBs can be recovered as a secondary resource. Both
mineral and organic acids were used for metal dissolution of SLIBs; in
this contest, Chabhadiya et al. investigated a new hybrid approach
consisting in sequential leaching with both organic (H,C04, named as
OR) and mineral (H2SO4, SA) acids [151]. The study used a Taguchi OA
DoE to optimize the following parameters: i) acid concentration (OR,
SA); ii) pulp density (PD); iii) hydrogen peroxide dosage (HPD); iv)
temperature (T); v) time (t). More in detail, Taguchi OA DoE technique
was used to optimize the conditions for leaching in two sequential steps:
first with oxalic acid to dissolve Cu and Li, then with sulfuric acid to
dissolve Ni, Co and Mn. The TM included an objective function 7 called
S/N, expressed in logarithmic form to reduce the effect of noise factors
during experimentation, and analysis of means/ANOVA to quantify the
contribution of each factor. According to the results for the first step, the
most influential factors for Li and Cu leaching were time and HPD, fol-
lowed by acid concentration and temperature. Under optimal conditions
(OR =0.25M, PD; =10 %, HPD; = 0.5 %, T; = 80°C, t; = 90 min), >99
% dissolution of Li and Cu was achieved. For the second step, optimal
conditions (SA = 3 M, PD; = 6 %, HPD, = 2 %, Ty = 60°C, tp = 120 min)
yielded ~99 % leaching efficiency for Co, Ni, and Mn. This work dem-
onstrates how Taguchi designs can efficiently screen multiple process
parameters in multi-step hydrometallurgical flowsheets, but, as in most
recycling studies, long-term robustness, impurity tolerance, and feed
variability are not systematically explored.

Overall, the studies discussed above highlight the transformative role
that statistical DoE can play in advancing recycling and recovery stra-
tegies for EoL batteries. Across diverse technologies — including corona-
electrostatic separation, hydrometallurgical leaching, bioleaching,
centrifugation, and thermal treatments — DoE has consistently proven its
ability to reduce experimental redundancy, quantify the relative
importance of multiple factors, and identify optimal operating condi-
tions. Particularly significant is its contribution to bridging laboratory
studies and industrial applications, ensuring that complex recycling
processes can be both efficient and reproducible. Looking ahead, and
also inspired by other fields (e.g., energy conversion [152-160], pho-
tocatalysis [161-170], electrocatalysis [171-180], environmental
technologies [181-186], materials design [187-196], and advanced
synthesis [197-205]), several directions appear especially promising.

From a methodological viewpoint, several common patterns emerge
across these recycling-oriented DoE studies. Most works adopt well-
established RSM or Taguchi designs with a relatively small number of
factors, achieving substantial gains in yield or purity with limited
experimental effort. However, validation practices are uneven: while
some contributions explicitly report R>-Q? pairs, ANOVA and confir-
mation runs, others rely on fitted models without systematic assessment
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of LOF or predictive error. In addition, virtually all optimizations are
performed on nominal compositions and operating conditions, with
little or no exploration of robustness to realistic feedstock variability,
impurity levels, or scale-up constraints. Future work would benefit from
integrating DoE with robustness analysis and multi-objective criteria (e.
g, yield, purity, energy consumption and environmental impact),
thereby turning DoE from a tool for laboratory optimization into a
framework for designing industrially viable and sustainable recycling
processes.

4. Battery performance and aging

The ability of rechargeable batteries to deliver stable performance
over time remains one of the central scientific and engineering chal-
lenges for electrified mobility and renewable energy storage, where
reliability, cost, and safety must be ensured over thousands of cycles.
Performance and lifetime are jointly governed by interacting stress
factors — charge/discharge rates, operating temperature, depth-of-
discharge windows, duty cycles, electrode composition — whose com-
bined effects are rarely linear and often exhibit strong cross-
dependencies. This complexity becomes even more pronounced in EVs
and stationary ESSs [206-2015], where performance variability directly
affects warranties, grid stability, and total cost of ownership. In this
context, DoE provides a structured and statistically defensible frame-
work to disentangle multi-factor interactions, quantify their signifi-
cance, and reveal degradation pathways that traditional OFAT
approaches systematically miss. By integrating DoE into performance
and aging studies, experiments become not only more efficient, but also
more informative, enabling the construction of predictive, validated
models that support safer, and longer-lasting battery technologies.

Accurate estimation of the state of charge (SoC) is a foundational
requirement for automotive applications, as it determines available
energy, power limits, and safe operation boundaries. Model-based esti-
mation is typically preferred due to its superior robustness and ability to
incorporate physics-consistent constraints. Traditional nonlinear ob-
servers, such as the extended Kalman filter (EKF), however, require local
linearization and may suffer performance degradation when non-
linearities become dominant. To overcome these limitations, Liu et al.
proposed replacing the EKF with an unscented Kalman particle filter,
combining unscented transform-based uncertainty propagation with
particle filtering to capture stronger nonlinear behaviors [216]. A
Thevenin-type equivalent circuit model (ECM) was parameterized as a
function of SoC and temperature using a discrete fitting method.
Importantly, the authors employed a CCD-based DoE to structure the
parameter identification stage, ensuring coverage of the nonlinear
response surface and enabling a statistically validated
polarization-voltage model. Verification through dynamic stress tests
and federal urban driving cycles showed that the DoE-guided mod-
el-identification step improved both accuracy and generalization at
-10°C and 25°C, demonstrating the practical value of coupling observer
design with a statistically optimized identification campaign.

Since the SoC is not measurable online, its estimation can be made in
the battery management system (BMS), where a SoC estimator based on
a nonlinear battery model is implemented. Non-road hybrid electric
vehicles (HEVs) and machinery need high power densities and loads
dynamics, which makes the modeling of the batteries more complex.
Three battery model approaches are commonly reported in the litera-
ture: i) ECMs; ii) electrochemical models (EMs); iii) data-based models.
All these models require measurements, which are obtained by applying
a current excitation to the battery cell and recording the voltage
response. In this context, DoE becomes particularly valuable because it
enables the systematic design of excitation signals that maximize model
identifiability while minimizing the number of experiments. To reach
this goal, starting from a reference model, the information obtained is
maximized and parameters can be estimated with minimum variance.
Unger et al. used a local model network which consists of a series of local
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linear models (LLMs) interpolated each other to give a nonlinear output
[217]. This model was constructed by an iterative algorithm, which
began with a global linear model to reach a threshold after a number of
iterations. Unger et al. used an LLM tree algorithm. It was fundamental
that the system dynamics were sufficiently excited and that all SoC range
was covered during the measurements, even more in non-road appli-
cations. A load current excitation signal U was defined and applied to a
battery cell, and cell voltage was recorded. Optimized high dynamic
excitation sequences were created by optimal model-based DoE. Fisher
information matrix (FIM), a way to measure the information content of a
signal, was applied for optimization purpose. This is a noteworthy
example of good DoE practice, because the authors explicitly quantify
information gain using FIM and demonstrate that the optimized exci-
tation reduces parameter uncertainty compared to conventional heu-
ristic signals—a point often overlooked in battery modeling studies. The
optimal excitation signal U was then applied respecting the battery
constraints in terms of current values, battery voltage limits, and SoC.
The current constraints were defined by taking into account a real road
cycle. Measurement procedure was also defined in order to avoid
different initial battery conditions and so excluding unexpected and
undefined effects during measurements. The procedure is reported as
follows: i) initial capacity check at 25°C; ii) set temperature of climate
chamber; iii) fully charge the battery cell; iv) discharge until initial SoC
was reached; v) apply excitation signal; vi) repeat iii to v until all
excitation signals were recorded; vii) repeat ii to vi until all tempera-
tures were recorded. However, the authors did not report whether center
points or replicate excitations were included to quantify experimental
noise, which would strengthen model validation and help assess
robustness — an aspect highlighted as a gap in many DoE-based identi-
fication studies. The results showed that DoE approach resulted in an
increase in accuracy of the model starting from a linear reference model
used for the optimization of the excitation signal. Overall, this work
demonstrates that DoE-driven excitation planning can significantly
enhance the fidelity of dynamic battery models, especially in applica-
tions with wide operating ranges and complex load profiles.

Referring to the spread of plug-in hybrid electric vehicles (PHEVs),
great interest was dedicated to the development of reliable models to
describe capacity and power fade of LIBs in order to predict the long-
term evolution of capacity and resistance. Battery aging models are
developed to make this possible, and can be classified as physics-based
or semi-empirical. The latter are often preferred for PHEV applica-
tions, since they balance accuracy and computational cost. Cordoba-
Arenas et al. approached the investigation of battery aging under
PHEV operation by developing a semi-empirical model applied to LIBs
constituted by blended cathodes [218]. This kind of cathode is
composed of layered-oxide positive electrodes as LiNi;,3Mn;,3C01,302
(NMC) and spinel oxide positive electrodes as LiMnyOg4; they were
considered the most promising for PHEV applications. The factors that
were studied to investigate their influence on capacity and power fade of
LIBs were: i) charge sustaining (CS)/charge depleting (CD) operation; ii)
minimum SoC; iii) charging rate (CR); iv) temperature. The distinction
between CS and CD operation was compactly described through a
dimensionless ratio R, which quantifies the fraction of time spent in CD
versus CS mode:

tep

- (Eq. 2)
tep + tes 4

assuming the value of 1 if all the operating time is spent in CD, O if all the
operating time is spent in CS, and a value between 0 and 1 for mixed
operation. Four factors were chosen for DoE as follows: i) CR; ii) battery
skin temperature; iii) R; iv) SoCmin. Although the authors did not
explicitly label the design type, the structured variation of these four
factors follows a clear DoE logic and allows for the estimation of main
and interaction effects with a limited number of tests. Three sets of ex-
periments were carried out: i) CD operation, R = 1; ii) CS operation, R =
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0; iii) Mixed operation, 0 < R < 1. This experimental structure ensured
that pure CS, pure CD, and mixed regimes were all represented, which is
essential to decouple the effects of R, SoC window, and temperature on
aging. At the end of each experiment, the charge throughput (Ah) was
measured. Each cell was characterized before and after aging campaign
by a capacity test and a hybrid power pulse characterization to assess
discharge and regen power capability. Taking into account that the
number of cycles was expressed as the total ampere-hour throughput
[Ah] in both charge and discharge, the capacity fade was then expressed
as:

— S (Ah)

Suss(AR) = 100 2 s (Eq. 3)
0

with Sy the cell nominal capacity and S (Ah) the cell capacity after Ah >
0 charge throughput. Therefore, the functional form adopted was:

Stoss (Ah) = fc(S0Cpin, R,CR, T) * Ah* (Eq. 4)

with fc nonlinear function of the aging factors investigated and z > 0.
Using the nonlinear optimization toolbox in MATLAB, fitting parameters
for each iy experiment were defined. The expression following the
characterization points obtained from tests resulted as:

Sloxx.i (Ah) :fC,i * AhZi (Eq 5)

Results showed there was no significant dependence of capacity fade
on CR. For this reason, CR was excluded from the model. This factor
screening step is an important strength of the study, as it avoids over-
parameterization and focuses the model on statistically significant var-
iables. Regarding temperature, at high values the capacity fade followed
an Arrhenius relation, so the following expression was adopted:

fel ) = aclSoCu R +exp( 2 ) (Eq. 6)

R,T

with cell activation energy for the capacity fade process E,, = 22,406 J
mol}, R universal gas constant, and T cell absolute temperature. An
increase of temperature led to an increase of the capacity fade. Referring
to R, the experimental severity factor values were fitted to the following
equation:

ac(S0Cpin =35%, T=30 "C,R) a; + f + R (Eq. 7)
with identified constants a;, f, and b equal to 145, 420, and 0.34,
respectively. The higher was R, the higher was the capacity fade. For
SoCmin, the experimental severity factor values were fitted to the
following equation:

ac(R=0,T=30 °C,S0Cpin) * a2 + 7 * (S0OCpin — S0Co)* (Eq. 8)
with identified constants a, and y equal to 137 and 9610, respectively,
for SoCp = 0.25 and ¢ = 3. Results showed an increase in capacity fade
with an increase of SoCy,;;,. Capacity fade was finally described by:

Sioss (Ah) = ac(SoCpin, R, T) * exp (i> * AW (Eq- 9)
R,T

with ac( e ) given by:

ac(e) = ac+ P * R + y¢ * (S0Cmin — S0Co)* (Eq. 10)

Results from the experiments validated the model. Moreover, the
goodness of the model was evaluated through the root mean square
error (RMSE) with a result of 0.0047 %. Despite the very low RMSE, the
study did not report independent validation data or explicit LOF tests, so
potential overfitting and the robustness of the model outside the tested
design space remain open questions.

Prochazka et al. analyzed pouch cells of two different chemistries,
LFP and nickel cobalt aluminum (NCA), using a large-scale DoE
approach [219]. The targets were capacity decrease and impedance
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increase, defined as EoL criteria. A full-factorial test plan was initially
generated using temperature, current, SoC windows, and cycling pro-
files as factors. Given the high dimensionality of the factor space, the
authors reduced the test plan using a modular D-optimality algorithm,
preserving statistical identifiability with a smaller set of 46 experiments
(Fig. 3C). Results showed that for both chemistries there was a strong
dependency of the capacity decrease on temperature. SoC showed
opposite effects for NCA (low SoC favorable) and LFP (high SoC favor-
able). Current and SoC interactions were also significant. Although the
DoE structure was well designed, the study did not report replicate
points, center points, or independent validation tests. This limits the
ability to quantify experimental noise and assess model robustness.

Battery aging models play a really important role in applications
where management strategies are critical to limit degradation. LIBs
suffer of solid electrolyte interphase (SEI) layer formation and lithium
plating at the negative electrode, but also the intercalation of lithium
ions can cause volume changes in both electrodes generating particle
cracking and loss of electrical contact. Battery aging models can be
divided into two groups: i) physical-chemical approach; ii) semi-
empirical approach. The first one uses chemical reaction kinetics and
physical equations, while the second is based on aging tests and math-
ematical fitting. Mathieu et al. applied a D-optimal DoE in order to
further optimize the initial design of a battery capacity aging model
[220]. Calendar and cycling tests were used to calibrate the model, and
the dependence of the degradation rate on temperature, SoC, and cur-
rent was thoroughly modeled. The pre-specified model adopted
included linear effects of the three factors and two interaction effects: i)
temperature and SoC to consider SEI layer growth; ii) temperature and
charging current for lithium plating effect. The final model consisted of
9 parameters; the capacity fade computed with MATLAB showed an
absolute relative error of 0.85 % with respect to experimental data. The
fit was evaluated as satisfactory for both calendar and cycling data. The
use of a D-optimal design was a clear strength of this work, as it mini-
mizes the experimental burden while preserving parameter identifi-
ability; however, no explicit LOF analysis or independent validation set
is reported, so the risk of overfitting and the robustness of the model
outside the explored design space remain partially unquantified.

An interesting DoE application in real scenario was represented by
the SIMSTOCK program adopted in France among cars manufacturers,
suppliers, and research labs to share costs and efforts to go forward in
the studying of the ESS aging [221]. The first step was to create a battery
model. Open circuit voltage (OCV), which represents the voltage of the
battery at its thermodynamical equilibrium, the voltage drop #nqr
(named also overpotential or overvoltage) caused by the charge transfer,
diffusion 74, and ohmic losses 7, were the parameters used to deter-
mine the model, as follows:

U=0CV -1, :OCV—ﬂCT—ﬂdiff—ﬂQ (Eq. 11)

An equivalent electrical circuit was defined to describe the
mentioned phenomena. At this point, DoE became necessary to deter-
mine the aging laws for each parameter. Aging was expressed as the
useful capacity representative of the SoC range where performances are
met. Current, temperature, Ah throughput, and SoC variations were the
selected parameters for each of them. At least 11 tests were necessary to
derive the coefficient of the simplified polynomial expression of aging.
Results showed a greater fade for the testing condition with the highest
current and Ah throughput. A differential approach was adopted since
the aging conditions were subjected to change in a usage vehicles sce-
nario. The analysis of the coefficients stabilized that temperature had
the strongest effect, followed by the Ah throughput, and then current.
The final step was to implement the results of the measurements into a
model to forecast the capacity fade and resistance increase during
vehicle life. In this case, DoE was mainly used to regress empirical “aging
laws” from a reduced test matrix, which is highly relevant for industrial
deployment; nonetheless, the choice of a low-order polynomial form and
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the limited number of test points per condition may restrict extrapola-
tion capability, and confidence intervals on the fitted coefficients were
not extensively discussed.

In the automotive context, it is important to understand the effect of
different operating conditions on degradation of batteries. More in
detail, cyclic aging is more complex in comparison with calendar aging.
Moreover, experiments for lifetime modeling of batteries are very
expensive and have a duration of years. In this regard, DoE has become
fundamental. Stadler et al. carried out a test matrix based on 62 auto-
motive grade Li-ion cells with a planned real-world operating cycling
[222]. 63 Ah nominal capacity cells were used, all with a starting SoC of
75 %. 5 main aging factors were defined according to the literature: i)
temperature; ii) SOCpn; iii) SOCpmay; iv) charging power Pcy; v) the ratio
of energy throughput between micro and macro-cycles (EV;qs,). A CCD
was used with 5 factors and 2 levels. The cells were tested among 27
different variations according to the CCD for a time longer than 2 years.
A regression model with second-order terms was defined because of its
accuracy in approximating measurement data. Using a stepwise back-
wards selection, the terms with a p-value higher than 0.1 were auto-
matically removed because statistically insignificant. Firstly, a single
regression model was created to describe capacity loss at 175 kAh.
About the influence of temperature, the lowest aging was observed at
31°C and both an increase (up to 50°C) and a decrease (down to 11°C) in
temperature led to an acceleration in aging. Referring to the charging
power, a slight increase in aging was observed moving from a charging
power value of 136 to 264 W, but it was a small effect. The upper SoC
limit had a strong effect on aging. It was observed a strong acceleration
in aging with SoC values over 90 %. Even a greater value of lower SoC
exacerbated the capacity degradation of the batteries. Lastly, the EV;4o
had the greatest impact on cycling aging. The explanation was that, with
higher ratio of EV-cycles, the cell was charged more frequently and so
more charge throughput was accumulated. The AMs were solicited more
and particle cracking, SEI layer cracking, and contact loss of particles
occurred more frequently. About the interactions, six of them were
defined as relevant; in particular, the term related to S0Cpqx: S0Cpin had
the strongest effect on capacity loss, as it is shown in Fig. 3D. This study
nicely illustrated how CCD-based regression can rank the relative
importance of factors (in particular the SoC window and EV,q;,), but the
use of stepwise term selection without cross-validation may bias the
model toward the specific dataset, and prediction errors or confidence
bounds were not quantified in detail.

The experimental design and analysis can also be used to study
factors that impact battery aging. A quantitative analysis was provided
to determine the aging effect of the root mean square (RMS) current
factor, which can be useful for designing battery pack filters using direct
current (DC) bus capacitors. The growth of a SEI layer can increase
resistance and lead to capacity loss and power fade. Many studies have
been conducted to determine the aging performance of LIBs under
various conditions [223,224], including calendar life models and
cycling conditions. Factors that may influence battery aging are tem-
perature, end-of-discharge voltage, charging voltage, and the super-
imposed alternating current (AC) component of the battery. The AC
component of the battery has been proposed as a factor in battery aging,
but more research is needed to determine its significance. To reduce the
AC component of the discharge current, passive filtering or other
methods may be necessary. The design of the DC bus filter in EV power
electronics, which filters the AC component from the battery pack, could
be impacted by the role of the AC component in battery aging. A first
experiment was conducted by Juang et al. using 16 ICR14500NM cells,
which were operated at 760 mAh, 4.2 V constant voltage charging limit,
2.8 V fully discharged cut-off voltage, and 300 charge/discharge cycles
[225]. The goal of the first experiment was to determine the impact of a
superimposed AC component on the cell aging characteristics. Among a
total of 16 cells, the AC component for 8 of them was added to the DC
discharge current, so the RMS value of the total discharge current
waveform was 905 mA (AC-905), while for treatments DC-800 and
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DC-905 4 cells were used. The focus of the study was on the battery
aging as determined by changes in its series resistance value, which was
interpolated from the EIS results. The battery was cycled 300 times, with
the reference performance tests performed at the beginning and every
30 cycles. The statistical method consists in the definition of a normal-
ized cycle number:

c-C
Z =
AC

(Eq. 12)

where C is the cycle number, C the average value of all the cycle
numbers, and AC = 30 cycles. The equation of the model is the
following:

Ry = Bo+ BiRio + 7;2X1j + ...+ 7;17X16j + & (Eq. 13)

with

Xy = Zs(i—k) (Eq. 14)
¢ —-C

7= Eq. 15

j AC (Eq. 15)

Ry is the resistance of the i battery cell for the j* EIS measurement,
Ry is the initial resistance measurement of the i battery cell, X;; the
resistance predictor value for the k™ and j" measurements, § the Kro-
necker delta function, and ¢; the error unaccounted. For each battery
cell, an estimated slope was determined. Moreover, for each group an
average estimated slope and its variance were defined as follows:

ﬁavg = Zi—l (Eq. 16)

Var(ﬁi)

n

Var(/A}avg) = (Eq. 17)

The null hypothesis, or the statement being tested, was that the
groups cell ages at the same rate. The t-statistic, with its degrees of
freedom, was used to calculate the p-value, which is a measure of the
strength of evidence against the null hypothesis. t-statistic formula
(following Student’s distribution) was defined as follows:

/ﬁ avgl 1-— /ﬁ avg2

t=
\/Var(ﬁavgl) + Var(ﬁang)

(Eq. 18)

If the p-value is small, typically 5 % or less, the null hypothesis is
rejected. This means that the mean estimated resistance slope (a mea-
sure of aging rate) for the two test treatments being compared is sta-
tistically different. If the p-value is larger, it means there is not enough
evidence to reject the null hypothesis and the two test treatments are
assumed to have statistically similar mean estimated resistance slopes
and therefore similar rates of aging. The t-statistic and p-values for the
group comparisons showed that the AC-905 and DC-905 groups (same
RMS current) had approximately the same aging rate, while the DC-800
group (different RMS current) had a noticeably different aging rate. It
was also found that the difference in depth of discharge (DoD) between
treatments was not significant, supporting the conclusion that RMS
current affects aging, but DC offset current alone does not. A second
experiment was performed to confirm the influence of RMS value on
battery aging, to investigate the possible influence of AC current
waveform shape and frequency on aging. The experiment was con-
ducted using the same schedule of the first one, but using 4 treatments.
The model was defined as follows:

R; = Bo+ PiRio + ,BZXU + ...+ ,?;SZXBU + & (Eq. 19)
because of the use of the data collected in the first experiment. Results
showed that there is no correlation influence of frequency or the shape
of the current waveform on battery aging and that RMS current influ-
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enced aging, while DC current alone did not. It is also shown that the
resistance of the batteries increased faster for higher RMS cases. Overall,
the results of these experiments suggested that the RMS value of the
discharge current waveform was the most important factor contributing
to battery aging. This work was a good example of how DoE combined
with statistical hypothesis testing can isolate the physically relevant
factor (RMS current) from confounding variables such as DC offset and
waveform shape; at the same time, the relatively small number of cells
per treatment means that confidence intervals on the estimated slopes
should be interpreted with caution.

On-board energy and power capability of LIBs decrease over time
due to various mechanisms such as cracking or dissolution of the AM and
growth of the SEI. The rate of these mechanisms is dependent on oper-
ating conditions like temperature, SoC, voltage, DoD, and current
magnitude. Developing a global battery aging model that considers all
these factors and unifies calendar and power cycling operation is diffi-
cult and time-consuming. Baghdadi et al. investigated the sensitivity of
battery capacity to aging rate at different temperatures, currents, and
SoCs [226]. A reduced DoE was proposed to determine the 27 degra-
dation rates resulting from 27 different conditions, which were: i) 3
ambient temperatures of 0, 25, and 60°C; ii) 3 SoCs of 30, 60, and 90 %;
iii) 3 current levels of 0, 1, and 3C. Thanks to DoE, only 9 different
battery cells were used in less than 100 days of test. The simplifying
hypotheses were based on the cumulative damage theory developed by
Palmgren-Miner, which defines that damages occurring under several
aging events are additive and the degradation associated to one event is
not influenced by other previous events. The validity of this hypothesis
was assumed in this study. The Dakin’s degradation equation was used
to determine battery aging rates for each condition:

'S

_ ne
g =t ket

(Eq. 20)

with a¢ the time dependent factor, k; the degradation rate of ¢, and né
the reaction order of the aging reaction. a¢ and né were assumed equal to
1 according to previous studies [229]. By the integration and then the
derivative over aging, it was possible to determine the degradation rate
k: as follows:

o)

-+
ke dt

(Eq. 21)
with t the aging time and &, the parameter at BoL. The battery model
that was used for the experiments was a commercial lithium polymer
battery (LiPB) with a capacity of 12 Ah and cutoff voltages of 4.2 and 2.7
V. 9 aging tests were performed and each battery was aged under one
temperature and one current level among the defined values around 3
different average SoCs. The evolution of battery capacity (Q) over time
was defined as follows:

Q(t) = Q(to) xexp(—kqt) (Eq. 22)

with Q(tp) the battery capacity at BoL and k, the battery capacity
degradation rate as a function of Tgyp, SoC, and current, and identified
by linear fitting. The highest degradation occurred at 0°C and max
current magnitude (36 A). A polynomial function of In(kq) depending on
the aging factors was defined considering linear effects, first order in-
teractions, and quadratic effects as follows:

3 3
3w Yat
i=1

ij=1 i

The results of the study show that the battery capacity degradation
rate is a function of the operating test conditions and that the degra-
dation rates are linear in the logarithmic scale. The results also show that
the average of the available regression factors R? for degradation rate
identification is 0.937, indicating a fair approximation of the linearity of

3
In(kg) = a+ » aX;+ (Eq. 23)
i=1
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the aging rates. The results show that the proposed model is a valid tool
for predicting battery aging rates and for optimizing the battery usage
strategies to extend the system lifetime. Here DoE was explicitly used to
drastically compress the experimental matrix (9 cells instead of 27),
showing how degradation rates can be mapped in a multidimensional
space; nevertheless, the cumulative damage hypothesis and the assumed
exponential decay law introduced a strong model structure that may not
capture irreversible or path-dependent degradation phenomena.

There are several factors causing faults in LIBs that can be linked to
structural or thermal failures, but also to a combination of
manufacturing defects, over charge/discharge, and short circuits. A way
to study the behavior of LIBs is to create a model of them. The ECM is
very appreciated because it allows for a good representation of cell
dynamics with low computational resource usage. The f(SOC) was
defined as the nonlinear function that relates the OCV with the SoC of
the battery. The experimental OCV-SoC curve was modeled with a ninth-
degree polynomial function. Considering the complexity of the process,
the cost and the range of operation, Singh et al. applied a model-based
fault diagnosis with Kalman filter (KF) as observer filter that worked
in parallel with the battery and by measuring the load/charge current
and the terminal voltage estimated the states of the battery model [227].
For nonlinear process models, the KF was substituted with the EKF.
Furthermore, the single observer was extended to a series of observers.
In this way, each observer represented a particular fault/operational
condition allowing for a robust LIB monitoring. A multiple model
adaptive estimation, which is one of the observer-based fault diagnosis
techniques, was applied employing a KF bank of n filters. One observer
represents the healthy condition of the process, while the n —1 observers
represent the fault conditions. The parameter values were extracted with
the use of recursive least square technique, which consisted in fitting
battery mathematical model to a sequence of observed battery current
and voltage data by maximizing the sum of the squares of the difference
between observed and computed data recursively. To test the perfor-
mance of the condition monitoring setup, a scenario was created with
consecutive changes in the battery condition in a total simulation time of
213 s. The scenario was divided into four equal parts representatives of
the healthy and deteriorated performance of the battery due to over-
discharge. The four parts were as follows: i) 0 - 53.25 s: healthy battery
operation; ii) 53.26 - 106.5 s: battery operation after two 24 h over-
discharge cycles; iii) 106.51 - 159.75 s: battery operation after 25 Navy
overdischarge cycles; iv) 159.76 - 213 s: healthy battery operation. The
analysis gave values for y,,, that represents the healthy battery operation
in terms of terminal voltage measurement; it was then compared to the
estimated terminal voltage ey (for the 1st and 4th phase), y24 , op (for
the 2nd phase), and ynqy op (referred to the 3rd phase). Each of them
showed good match with the measured voltage within the associated
range and marked deviation in the other time intervals. Finally, the
residuals were evaluated with a probability density function that
confirmed the accurate behavior of the process by detecting the correct
battery condition associated to the correct time. In this study, DoE was
not used to design the excitation profile, but the underlying parametric
model and observer structure implicitly rely on the richness of the
operating conditions. From a methodological viewpoint, the work
demonstrated how model-based approaches can discriminate different
aging and fault scenarios; however, the absence of a formal DoE or
sensitivity analysis on model parameters makes it difficult to quantify
how robust the fault classification remains under measurement noise or
modeling errors.

Within the broader framework of battery life prediction, Guo et al
investigated how the battery performance metric of capacity fade is
affected by different operating factors, usage profiles, and battery design
factors [228]. Four samples for two types of batteries (CS2 with a rating
capacity of 1100 mAh and CX2 with a rating capacity of 1350 mAh)
were investigated with different discharge rates. Each battery was
cycled at a constant discharge rate (1C or 0.5C) until the cutoff values of
4.2 V (for charging) and 2.7 V (for discharging). A full factorial design
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(FFD) was used considering the following design factors: i) number of
cycles (0 - 300; 300 - 600; 600 - 900; > 900); ii) discharge rate (0.5C;
1C); iii) battery type (CS; CX) to investigate the capacity fade of the
batteries. Two battery samples were used at each of the 16 treatment
combinations and battery capacity was recorded at the end of each
charge/discharge cycle. The results pointed out that the capacity of
batteries decreased as the number of cycles increased, but the rate of this
decrease was not so marked within the first 200 cycles. Moreover, the
decline in capacity was more severe when the discharge rate was 1C
than when it was 0.5C, regardless of the number of cycles or type of
battery. The CX battery showed a relatively higher capacity due to its
higher rating and unique design. Finally, the number of cycles can be a
strong indicator for monitoring the battery health status. In this study,
the 3-factor FFD provided a clear ranking of the main effects of usage
profile (cycle window, C-rate) and cell design on capacity fade with a
limited number of tests. However, the statistical treatment remained
relatively simple: the use of only two replicates per treatment, together
with the absence of explicit ANOVA tables, confidence intervals, or
explicit model validation, limited the quantitative assessment of pre-
diction error and may under-represent possible interactions beyond the
explored factor ranges.

Constant current constant voltage (CCCV) is the most used method
for charging LIBs. However, its intrinsic trade-off between charging
time, temperature rise, and energy efficiency motivates the search for
optimized multi-stage charging profiles. Vo et al. investigated a DoE-
based strategy for LiPBs using the TM combined with SoC estimation
[229]. The goal was to reduce charging time and temperature variation
while maximizing energy efficiency. DoE was applied to search for the
optimal charging current pattern. CCCV was first used to evaluate how
different current levels influenced temperature rise, charging efficiency,
and duration. Four constant-current stages (each spanning 25 % SoC)
were selected as controllable factors, and TM was used to reduce the full
81-experiment matrix to only nine tests. An observer-based SoC esti-
mator enabled real-time switching among current stages, allowing for
the assessment of energy efficiency, charging time and thermal stress
under each TM combination. The optimized strategy reduced charging
time by 22.5 % (~15 min) and halved the temperature variation
compared to CCCV. Although the TM-based exploration efficiently
identified the dominant factors, the statistical treatment remained
limited; in particular, the final protocol was not fully validated over
independent repetitions or different ambient temperatures. As a result,
robustness, generalizability, and potential overfitting to the tested
operating window could not be fully assessed. A comparison against a
response-surface model or a multi-objective optimization would have
further clarified trade-offs between thermal constraints and charging
speed.

The internal resistance of a battery cell is the characteristic most
affected by degradation. Monitoring it is very important, but at the same
time complex. For EVs, having an on-board system to monitor the state
of health (SoH) of the battery is desirable. Therefore, Remmlinger et al.
developed a model deduced from an equivalent circuit that used specific
signal intervals with a defined timespan occurring regularly during the
normal operation of the battery in EVs [230]. Recorded data from
inner-city driving of an EV were selected and analyzed in a laboratory.
Engine-start pulses were identified as suitable excitation events for
resistance estimation. Two batteries were used: a new one and a
degraded 6.5 Ah one. The identification of the internal resistance was
done through the special identification signals of terminal voltage and
current at the start of the combustion engine with an adapted model.
This model was the result of a simplification from the continuous-time
frequency domain to the discrete-time frequency domain (z-domain):

U(Z) — UOCV - blz_l
I(2) T 1taz!?

G(z) = (Eq. 24)

with a; and b; linear parameters. The internal resistance was then
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calculated as:

R(0) = 2O

“T5a@ (Eq. 25)

The next step was to express a degradation index k,; with respect to
the internal resistance independent of the actual cell temperature of the
measurement:

Ri,new(a) =a eiby +c (Eq 26)
and k4 was calculated by solving the equation:
Ri.act = dei.new(Hact) (Eq 27)

The approach provided consistent k; values for both cells, showing
that operational current pulses can support in-vehicle resistance
tracking. However, the analysis was not based on a structured DoE and
the influence of different pulse amplitudes, temperatures, or SoC levels
was not systematically evaluated.

Use of LIBs is very popular due to their high energy density, but they
also exhibit the rare, but severe failure mode of fire/explosion for EVs.
Therefore, for the further growth of the LIB business, the safety problem
should be addressed [231-240]. The current method of thermal moni-
toring for EVs uses multiple thermostats. However, as the size of the
battery system increases, the number of thermostats also increases,
which can lead to sensor malfunction and increased maintenance costs.
To address these issues, Kim et al. investigated an alternative method of
monitoring to reduce the number of required sensors through temper-
ature prediction [241]. Three phases were defined to reach the objec-
tive: i) devising battery thermal characterization tests under various
operating conditions; ii) developing an online-applicable temperature
prediction model using artificial neural networks (ANNSs); iii) validating
the temperature prediction model. The proposed temperature prediction
model was demonstrated using an EV battery pack that consisted of 12
battery modules. For the first phase, LIB cells with 50 Ah capacity and
3.7 V nominal voltage were employed. Thermal parameters (C the heat
capacity, h the heat transfer coefficient) were experimentally extracted
to enable accurate estimation of heat generation. A dynamic current
profile derived from EV driving was then condensed into three repre-
sentative current levels. Similarly, coolant temperature was discretized
into three representative conditions. A computer model, based on
computational fluid dynamics (CFD) simulation, was used to generate
training data for the ANN, which used three inputs - coolant fan ve-
locity, heat generation rate, and one sensed module temperature — to
estimate the remaining module temperatures. The ANN showed high
accuracy in semi-transient validation, with a maximum error of 0.27°C
and an average error of 0.20°C. This study effectively demonstrated that
data-driven prediction can reduce sensor count, although no DoE
framework was employed to systematically explore interactions be-
tween thermal parameters.

Even if the current scenario is mostly populated by LIBs, lead-acid
batteries are still appreciated for their capability to work at high volt-
ages, acceptable specific energy, and for working at a wide range of
temperatures, but also for their predisposition to be recycled. Within this
typology, flooded lead acid batteries (FLABs) are the most widely used.
During the process of charge and discharge, the electrochemical re-
actions cause a sharp increase of the TR rate and, consequently, of the C-
rate. This is always followed by a decrease in their capacity, which may
cause damages to the battery. For this reason, a DoE was adopted by
Nahidi et al. to investigate the effect of 3 parameters on the capacity and
the TR rate [242]. These parameters are: i) electrode gaps; ii) roughness
quality of electrode surfaces; iii) C-rate. Two methods were applied: the
CCD and the RSM. Twenty charge/discharge tests were designed. FLAB
cells were prepared with gaps from 2 to 10 mm and different surface
roughness values. Capacity and TR rate were measured during testing.
Model adequacy metrics (adjusted/predicted R?, predicted residual
error sum of squares) confirmed a reliable fit. Optimization indicated
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that maximum capacity (15.72 Ah) and minimal TR rate (0.003)
occurred for an 8 mm electrode gap and 2.5 mm surface roughness. The
study provides a clear example of DoE-driven optimization, though it
did not fully address the reproducibility of optimal conditions or po-
tential nonlinear interactions beyond the quadratic model.

The studies reviewed in this section clearly demonstrate the pivotal
role of DoE in advancing our understanding of battery performance and
aging. From SoC/SoH estimation to the development of lifetime models,
DoE enables the systematic exploration of factors such as temperature,
current rate, and SoC windows. Applications range from estimator
optimization to degradation modeling across different chemistries,
highlighting how DoE supports reproducible and statistically meaning-
ful insights. Looking forward, unified frameworks integrating calendar
and cycling aging, multi-objective optimization, and hybrid DoE-ML
approaches appear particularly promising. Furthermore, accelerated
aging protocols based on statistically efficient designs may considerably
reduce development time. Beyond LIBs, DoE is expected to play an
expanding role in post-lithium chemistries [243-252] and related en-
ergy systems [253-262], reinforcing its value as a strategic methodology
for designing smarter experiments and enabling safer and more durable
battery technologies.

5. Materials synthesis and optimization

The synthesis of advanced materials is at the core of progress in
electrochemical energy storage. The structural, morphological, and
chemical properties of AMs, CAs, binders, and electrolytes directly
dictate the performance, cost, and safety of rechargeable batteries.
Achieving precise control over these properties, however, is far from
trivial: synthesis processes are often governed by a complex interplay of
parameters such as precursor composition, solvent environment, tem-
perature, pressure, and processing time [263-265]. Small variations in
these factors can lead to significant differences in materials perfor-
mance, making it essential to adopt systematic and efficient approaches
to experimental design. In this context, DoE offers a structured meth-
odology to explore synthesis conditions and materials optimization in a
way that goes beyond traditional trial-and-error practices. By investi-
gating multiple factors and their interactions simultaneously, DoE pro-
vides a statistical framework that helps identifying the most influential
parameters, reducing experimental redundancy, and guiding re-
searchers toward reproducible and scalable processes. This is particu-
larly relevant for the battery field, where the translation of
laboratory-scale discoveries into practical technologies requires both
high-performing materials and robust, scalable synthesis routes. This
section introduces the role of DoE in the synthesis and optimization of
battery materials, highlighting its potential to streamline the develop-
ment of next-generation components. In addition to summarizing
representative studies, the strengths and limitations of each DoE
implementation will be also briefly commented from a practical
perspective.

A positive example of the use of DoE in the search for high energy
cathode materials for LIBs was reported by Martinet et al, who deter-
mined the optimal mixture to produce lithium-rich lamellar oxides as
iron-substituted lithiated phosphate materials [266]. More in detail,
starting from the general formula LiFeyM; 4PO4 (with 0<x<1 and M =
Mn, Co, Ni, or a mixture of them), the challenge was to investigate which
was the best composition among several possibilities. The objective was
to maximize the capacity of the compound (expressed in mAh g™!). A
surface response design including six input parameters was used to
quantify their influence on capacity and to perform a multiparameter
optimization, which increased the discharge capacity from 200 to 250
mAh g while significantly reducing the number of experiments. This
study illustrates how response surface DoE can efficiently map a
high-dimensional compositional space, although the transferability of
the optimal composition to different synthesis routes or cell configura-
tions was not systematically addressed.
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Phospho-olivines, and in particular LFP, are increasingly used as
cathode materials for LIBs due to their thermal stability, which is
fundamental from a safety point of view. They also suffer from a lower
average voltage in discharge in comparison with other lithiated metal
oxides used for Li-ion cells. Martinet et al. investigated the method of
substituting iron by other transition metals as manganese or cobalt
[267]. DoE was applied for multi-transition metal phosphate optimiza-
tion. The focus was on manganese “rich” compounds in a specific solid
solution domain: 0-33 % for both iron and cobalt; 28.4-90 % for man-
ganese. Moreover, boron doping was evaluated up to a maximum of 5 %.
Studied materials followed the formula LiFe__y_,Mn;CoyB,PO4. The
fact that the sum of iron, manganese, cobalt, and boron had to be always
equal to 1 led to a “mixture designs” DoE. MINITAB software was used
resulting in a set of 21 trials. The trials were performed in random order.
Obtained results of specific capacities varied in a range between 14 and
115 mAh g 1. The data were analyzed based on a linear model consisting
of 4 linear effects and 6 interactions. It was noticed that results were
very sensitive to boron content, so an optimal value was identified (2.5
%). It was notable that high values of discharge capacity were reached at
minimum level of manganese. So, an additional test was performed with
a further synthesized compound (i.e., Mng 309C0¢.333B0.025PO4) with a
result of 123 mAh g'. Overall, the mixture-design approach was
effective in revealing non-intuitive trends, such as the detrimental effect
of excess Mn and the narrow optimum in B content, but the relatively
simple linear model may underestimate higher-order interactions in the
multi-cation space.

SSBs are defined as the next generation of LIBs. They are composed of
a composite cathode, a solid electrolyte separator layer, and an anode
composite (or Li metal [268]). There are two groups of solid electrolytes:
i) sulfides/oxides; ii) polymers. Within this framework, Teo et al
investigated a cathode composite preparation process for improved
electrochemical performance with a DoE approach [269]. Constituent
elements (three types of binders and two types of carbon additives) were
selected, and a set of various combinations were tested within SSB full
cells with a carbon-coated Li4TisO12 anode. RSM was used to investigate
the interactions among variables. Capacity retention was monitored to
establish the cell degradation; the specific discharge capacity was
investigated to obtain an indication of the practical energy storage
capability of the cell. The specific discharge capacity was chosen to
represent the electrochemical performance: a slurry-cast cathode with
1.0 wt % polyisobutene and 0.5 wt % vapor-grown carbon fibers was
found as the optimum. Binding and punching tests were realized to
investigate the processability of the slurry-cast cathodes. The optimum
was found with a larger fraction of polymer binder (2.7 wt %). This work
highlighted how DoE can simultaneously target electrochemical per-
formance and processability in SSB composites, although the study was
restricted to a single cathode chemistry and did not explore scale-up
effects.

Among the different types of DoE, optimal combined design uses
categoric factors such as the material of a binder, and numerical factors
such as the temperature. The response is expressed as a function of
different factors based on the empirical model. This approach was
applied by Rynne et al. to study the effect of electrode formulation on the
capacity of LIBs at high currents [270]. The scope of the study was to
identify a new binder material and to understand the importance of CAs
for high-power applications. After that, electrode capacity under high
currents was defined as a response. An optimal combined design,
including categoric choices for binder and additives and numerical
levels for their loading, was used to balance AM content, electronic
conductivity, and high-rate performance. The study showed that the
type and amount of CA strongly influence high-current capacity, but it
only partially addressed long-term stability under repeated high-power
cycling.

LIB is a complex system in which a series of different phenomena
occur. These are ions transportation, charges movements, and electro-
chemical surface reactions that occur within different media inside the
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electrode. Optimizing the electrode and the microstructures is one of the
strategies to overcome performance limitations. To do this, the param-
etrization of physics-based models is fundamental, but requires expen-
sive investments in terms of economy and time. DoE can be really useful
for this aim. Kerdja et al. developed a multi-physics model to simulate
electrochemical cycling at the electrode microstructure level [271].
Starting from a 2D scanning electron microscopy image of a NMC 111
(LiNi; ;3Mn1 /3C01,302) electrode, they obtained the microstructure used
for their model. More specifically, the electrode was made of commer-
cial NMC 111 (92 %) AM, black carbon (4 %), and PVDF as mechanical
binder. The focus was on 5 parameters of interest: i) diffusion coefficient
in solid phase (Dy); ii) diffusion coefficient in liquid phase (D)); iii)
effective conductivity of carbon-binder domain (o¢gp); iv) ionic con-
ductivity of electrolyte (cin); and v) exchange current density (igoref)-
Each parameter was varied around its reference medium value to
investigate the influence over discharge capacity and AM lithiation
heterogeneities. Then, a combined optimization was performed.
Butler-Volmer theory described that the intercalation and dein-
tercalation reactions occurred at the AM. Three levels for each param-
eter were chosen in accordance with the literature (reference, minimal,
and maximal value). Based on the statistical theory, 3% combinations
were obtained for a total of 243 potential experiments. DoE methodol-
ogy enabled to reduce them to 46 sets. Pareto diagram was used to
classify the different terms according to their normalized effect and to
study their positive or negative effect on the measured values. The
analysis was conducted with an imposed 2C current of 1.76 mA cm™2.
Capacity values for the 46 experiments were classified into three groups:
i) inferior to 80 mAh g’l, ii) between 96 and 131 mAh g’l, and iii) su-
perior to 135 mAh g'. DoE analysis allowed to suppress the
non-significant terms. So, the regression equation Y for the discharge
capacity was obtained. The exchange current density (igorer) dominated
in terms of influence followed by the liquid diffusion (D;) and solid
diffusion (Ds), all contributing with their linear and quadratic effects.
Only a single interaction between D; and iyors was included in the model
according to its value. Moreover, the effects of D; and Ds; were compared
focusing on the three groups of capacity values as follows: 1) 129 + 2
mAh g’1 (D; and Ds minimal or medium); 2) 117 + 4 mAh g’1 (Ds
minimal and D; medium or maximal); 3) 98 &+ 2 mAh g‘l (D; minimal
and D; medium or maximal). In the last two groups, discharge capacity
was limited. A further analysis was conducted to compare the influence
of solid and liquid diffusion limitations mechanisms focusing on the final
lithium concentrations maps of the electrolyte and the AM according to
the cases ii) and iii). It was found that many limitations mechanisms
co-exist and that lithiation can be limited by liquid diffusion influenced
by particles position and by solid diffusion influenced by particles
developed surface. Finally, with the help of DoE, the statistical influence
of the five parameters was investigated taking into account two types of
heterogeneities: local (within a single particle) and global (the whole
AM phase). The study consisted in the quantification through a
normalized absolute average deviation to quantify the deviation of
lithium concentration from its average value. At the end, with the use of
Minitab18 software, the optimization of the discharge capacity with the
lowest local lithiation heterogeneities (first case) and global (second
case) was obtained. In both cases, the predicted ranges of values were
really close to the obtained values. The relative error was never larger
than 6 %, thus reflecting the effectiveness of the model. This work
underscored how DoE can be coupled to microstructural multiphysics
models to rank transport and kinetic parameters and to target both ca-
pacity and lithiation homogeneity, although it remained limited to a
single electrode architecture and charge rate.

The design of LIBs through experiments is almost difficult because
the relationship between design variables and performance is not linear.
The use of numerical models is a way to overcome this kind of difficulty.
Kim et al. conducted a study with the use of DoE to analyze the sensi-
tivity of eight cell design factors: anode, cathode, and separator
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thickness; anode, cathode, and separator porosity; anode and cathode
particle size [272]. The progressive quadratic response surface method
(PQRSM) was applied as optimization algorithm to maximize the spe-
cific energy density of LIB and then the initial and optimized cells were
compared. Factors with a p-value lower than 0.05 were selected: cath-
ode, anode, and separator thicknesses and porosities of cathode and
anode. PQRSM optimization process was applied and generated a full
quadratic response surface model. The battery cell was subjected to a
constant current discharge at a rate of 1C with a cutoff voltage of 3.0 V.
The DoE analysis proved to be relevant in studying how to optimize the
LIB cells in terms of specific energy density. Also, the polarization
phenomenon was reduced by 11.5 %. Overall, this combined
DoE-PQRSM framework effectively identified the most influential
geometrical parameters and delivered a design with higher specific en-
ergy and reduced polarization. However, the optimized configuration
was only assessed in terms of initial performance, and additional work
would be needed to evaluate its impact on long-term cycling and safety.

Recycling EoL LIBs is necessary because of a series of factors, that
are: i) the increasing demand of LIBs for EVs; ii) the serious environ-
mental risks of the electrolyte salt (e.g. lithium hexafluorophosphate);
iii) the efficiency of the recycling process compared to the extraction
one. In the framework of the recycling methods, and specifically of
direct recycling one that involves physical and chemical separation
phases, Li et al. developed a novel presorting process [273]. It focused on
the organic solvent extraction method with the aim of evaluating the
cathode material retrieval yield by properly changing the processing
parameters. The analysis was done using Taguchi DoE method and
regression analysis. During the organic solvent extraction process, the
binder (commonly PVDF) was dissolved in organic solvents (dimethy-
lacetamide and dimethylformamide were found as the most efficient)
through soaking and sonication processes conducted at high tempera-
ture. The yield of the cathode retrieved material was estimated as the
difference in weight of cathodes before (Wiyiiq1) and after (Wp,;) soaking
and sonication as follows:

Winitial - Wpost

Yield =
Vvinia'al x 0.72

(Eq. 28)

considering that weight of cathode electrodes (W,;q) consisted of 28 %
Al current collector and 72 % cathode coating. In order to define the
control factors, a 5-factor 2-level PB screening experiment was per-
formed. The records were tested with ANOVA to determine the signifi-
cance of each factor. The insignificant factors were taken out of the
Taguchi experimental design. The most significant resulted to be: i)
sonication time; ii) sheet size; iii) solid-liquid weight ratio. TM was then
applied to select subsets of 3 control factors at 4 levels. To verify the
performance characteristics of the TM, a continuous quality loss func-
tion was used. The loss function calculated the deviation of a design
parameter from the desired value, which is called the S /N ratio. In the
case of yield, which was expected to be the highest possible, the equa-
tion was:

S/N:—10xlog(2(1/yi2)/n)

with y; the response of the iy run and n the total number of runs. ANOVA
was applied to S/N and the individual contribution (P;%) of each factor
was calculated as follows:

(Eq. 29)

Seq SSi

P% = ———
' Seq sstoml

(Eq. 30)

with S,q SS; the sequential sum of squares of iy, factor and Seq SSyq the
sequential sum of squares of all factors. Results showed that the soni-
cation had the highest contribution of 86.55 %, followed by solid-liquid
weight ratio at 7.44 % and sheet size at 4.90 %. This two-step strategy,
combining PB screening and Taguchi optimization, provided a clear
ranking of the governing parameters for cathode retrieval yield and
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allowed the authors to maximize recovery using a limited number of
experiments. A potential limitation is that the optimal conditions were
demonstrated for a specific cathode chemistry and binder system, and
their robustness across realistic mixed EoL. waste streams remains to be
validated.

LFP has been recently investigated as positive AM in substitution of
the expensive conventional LiCoO; due to its high theoretical capacity
and stability, low cost, and toxicity. On the other hand, LFP suffers from
low Li ionic diffusivity and electric conductivity that imply high over-
potential and limited high-rate vehicle performances. Awarke et al
applied DoE methodology to generate a model to capture the effects of
AM particle size, CB wt %, and carbon nano-coat (CNC) wt % on LFP
conductivity [274]. The use of nanosized particles resulted in shorter
diffusion distances; moreover, the addition of conductive particles as CB
and of a carbon coating on LFP particles surface favored the improve-
ment of overall conductivity. The model was first validated by a series of
measurements performed on a PVDF-CB composite at different volume
ratios. Then, a full factorial DoE was adopted to capture the variation of
conductivity with three factors: i) nano-AM particle size; ii) CB particle
wt %; iii) CNC wt %. Three equidistant levels for the AM particle size
(50, 100, and 200 nm) and for the carbon coating wt % (0, 1, 3) were
defined. Four levels for CB wt % (0, 5, 10, 15) were identified resulting
in 36 runs. The FFD, combined with the tunneling-percolation model,
enabled the construction of a predictive map of electrode electronic
conductivity as a function of particle size and carbon content and
highlighted the existence of a percolation threshold for conductive
pathways. However, the study exclusively focused on electronic trans-
port and did not directly correlate the optimized formulations with
full-cell electrochemical performance or rate capability.

Secondary batteries are very suitable for the implementation of
renewable energy into the grid. An alternative to the most common LIBs
is represented by SIBs. While lithium offers the highest energy density
among present battery technology, but at a high price, sodium is very
abundant and so cheaper. The challenge for this type of battery is related
to the choice of the anode materials: graphite cannot be used because of
its low performance if combined with sodium ions. One of the solutions
under study was titanium dioxide (TiO3), which has a comparable
behavior to graphite as anode in LIBs. This is not sufficient because of its
intrinsic low electronic conductivity. The use of one-dimensional TiO5
nanostructures like nanowires, nanorods, or nanotubes (NTs) provides a
suitable solution leading to shorter electron diffusion paths. Nano-
tubular arrays (TiO, NTs) made by anodic oxidation represent a very
effective strategy. Within this framework, researchers are investigating
what is the best polymorph (e.g. amorphous or crystalline anatase/
rutile) referring to the overall capacity output and long-term perfor-
mance considering the potential modification to the nanostructure
during the cell operation. Bella et al. proposed a DoE approach to
identify the best TiO, polymorph for SIBs [275]. The identified param-
eters of interest were: i) TiO NTs array length; ii) effect of crystalliza-
tion. The tests on the sodium cells were performed at ambient
temperature through constant current at various regimes between 0.1
and 5 mA cm™2. Using a DoE approach, the growth time of TiO2 NTs (in a
range of 1 to 10 min) and the annealing temperature (in a range between
25 to 600°C) were concurrently varied to study their correlation and
weight with the results. 14 sodium cells were assembled and tested using
a chemometric approach. The chemometric matrix was filled with data
related to the capacity values of the sodium cells at the 85th cycle. This
approach consisted in choosing a set of “potential good experiments”
included in the experimental domain. After that, a statistical criterion
was chosen, i.e. the G-efficiency (Gy):

100 %p
nxd

Geff = (Eq. 31)

where p is the number of terms in the model, n the number of experi-
ments in the design, and d the maximum relative prediction variance
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over the candidate set. Higher values of G,y mean higher probability of
obtaining the maximum amount of information from the experimental
setup. The parameters of the multiple linear regression were Q? = 0.79
and R? = 0.95, which are very close to 1 indicating a high quality of the
model fitting. It was shown that the anatase phase had a better long-term
cycling performance over the amorphous phase (Fig. 4A); also, the bad
influence of the rutile phase (obtained upon calcination at 600°C)
affected the specific capacity output. It was clear that there was a
distinction in performance among anatase, rutile, and amorphous TiO,.
In particular, the single-phase anatase polymorph obtained by calcina-
tion at 450°C reached the highest specific capacity value after 300
discharge/charge cycles. Also, the presence of rutile formed by calci-
nation at 600°C determined a decrease in the overall specific capacity
output. The chemometric DoE allowed the authors to decouple the short-
term capacity maximum from long-term stability, demonstrating that
although amorphous TiO2 can deliver high initial capacities, anatase
obtained at intermediate annealing temperatures is superior in terms of
sustained performance. This work clearly showcased the strength of
DoE-based response surface methods for identifying robust operating
windows rather than single-point optima.

Copper powders are widely used in batteries and fuel cells due to
their high electrical and thermal conductivities. A way to produce fine
and ultra-fine copper of high purity is electrolysis, which is one of the
most valuable methods because of its low energy consumption, ease of
control, and implementation. It is based on two steps: i) nucleation; ii)
growth. The best way to produce fine copper particles is to control the
relative rates of nucleation and crystal growth. Nekouei et al. applied
DoE with electrolysis to produce fine copper powders from acid sulfate
solutions [276]. Four parameters were studied to optimize the process in
terms of purity, current efficiency, and morphology of copper powders:
i) current density; ii) copper ion concentration [cu*h] ; iii) sulfuric acid
concentration [H2SO4]; iv) chloride ion concentration [Cl"]. Nonregular
fractional factorial design was applied instead of a full factorial exper-
iment to reduce the number of runs to 15. Three levels for each
parameter were properly selected. The experiments were realized using
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two copper plates with a purity greater than 99.5 % as anode and
cathode immersed in the electrolyte bath at a constant distance of 5 cm
in between after being washed with acetone and grinded with sand-
paper. A first-order linear polynomial model was defined as follows:

Y=bo+ » bXi+ Y bXXj+ ¢ (Eq. 32)
with by the mean of responses of all the experiments, b; the coefficient
representing the effect of the variable X;, b; the coefficient representing
the effect of the interaction of variables X; and Xj, e the experimental
error. The most influential parameter was the current density: as it
increased, the grain size of the deposit decreased. A higher value of
[Cu?*] led to adherent deposit and, consequently, to a coarser particle
size. Moreover, the presence of chloride [Cl"] was ineffective on the
particle size. Also, the increase of [H2SO4] had a negative effect on the
particle size. According to the chemical process and the experiments,
overvoltage varied between 1 and 2.2 V. With the increase of the
overvoltage, also the powder became finer, but the hydrogen evolution
occurred diminishing the current efficiency. Finally, a confirmation test
was performed in the optimized conditions according to the model. The
predicted particle size was 0.71 pm and the actual experimental result
was 0.68 pm. The model was acceptable. This fractional factorial DoE
efficiently isolated the dominant electrochemical parameters controlling
copper particle size and validated a simple predictive model with good
agreement between predicted and measured grain size. The study,
however, was conducted in batch conditions and did not fully address
how the optimized parameters would translate to continuous or
industrial-scale electrolysis lines.

The examples discussed in this section collectively highlight how
DoE has become a strategic enabler for the rational development of
battery materials. DoE has proven effective across a broad spectrum of
chemistries, ranging from phospho-olivine cathodes and layered oxides
to advanced formulations for solid-state systems and next-generation
sodium-ion anodes; the same applies for supercapacitors [277-286]
and other energy-related technologies [287-296]. Across these dispa-
rate material families, DoE reliably identifies dominant parameters,
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quantifies interactions, and helps determine whether improvements
arise from true mechanistic effects or from simple experimental bias.
Another key strength of DoE in synthesis optimization lies in its adapt-
ability to both conventional solid-state approaches and emerging
methods such as sol-gel, hydrothermal, and electrochemical syntheses
[297-306]. This comparative advantage is quantitatively illustrated in
Fig. 5, which synthesizes representative studies and shows how sub-
stantial reductions in experimental effort are consistently achieved
alongside measurable gains in performance and model quality. A key
added value emerging from the reviewed literature is the ability of DoE
to discriminate between statistically significant and negligible factors,
preventing overinterpretation of trends that lack experimental robust-
ness. This methodological discipline is particularly valuable when syn-
thesis involves intertwined variables, such as temperature-time
interactions in crystallization or multi-component formulations in
composite electrodes. This efficiency directly supports the broader goals
of sustainable and circular battery technologies. Looking forward, the
synergy between DoE, physics-based modeling, and machine learning
(ML) represents a promising evolution, enabling predictive synthesis
routes and reducing experimental uncertainty. To fully exploit this po-
tential, future studies should report validation statistics, model ade-
quacy metrics, and cross-checks across multiple synthesis batches,
ensuring that optimized recipes are both reproducible and scalable.
Overall, DoE emerges not only as a practical optimization tool but as an
analytical framework that strengthens experimental rigor, clarifies
structure-property relationships, and accelerates the development of
robust, high-performance, and sustainable battery materials.

6. Battery safety and management

Battery safety and management are decisive factors in the deploy-
ment of electrochemical energy storage across all domains, from con-
sumer electronics to grid-scale systems, and especially in EVs. As energy
density rises and pack designs grow more compact, even small de-
viations in temperature or operating conditions can cause accelerated
aging, performance loss, or — in extreme cases — thermal runaway.
Guaranteeing safe operation is therefore not only a regulatory require-
ment, but also essential for user trust and market adoption; the same
applies for the whole plethora of current energy technologies
[307-318]. In this context, DoE provides a structured way to investigate
safety-critical parameters in a systematic and efficient manner. Unlike
traditional trial-and-error approach, DoE enables the analysis of multi-
ple interacting factors — such as coolant flow rates, cell spacing, or SoC
thresholds - revealing nonlinear effects that strongly influence battery

Experiments reduction

Scalability
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safety. This approach is particularly valuable for thermal management
studies, where balancing safety, efficiency, and cost requires careful
optimization [319-328]. Overall, DoE-based frameworks help quantify
safe operating windows and identify conditions that may trigger haz-
ardous behavior, thereby supporting the design of more robust BMS
strategies.

EoL batteries need to be disassembled to recycle and reclaim the
materials for both environmental and economical sustainability. Auto-
matic disassembly is important to make the process more precise and
faster, but also to avoid health effects on workers who would be exposed
to toxic substances. First step of the process is to identify the battery in
terms of brand and dimensions to set the cutting machine. Another ne-
cessity is to monitor the temperature to prevent spikes. After cutting,
quality verification is ensured by computer vision. The deep learning
technique adopted by Lu et al. was the convolutional neural network for
classification and cutting quality control and long short-term memory
for temperature spike prediction [329]. In this context, the role of DoE
was to tune process parameters under explicitly safety-oriented criteria.
To derive the control rules of deep learning tools, DoE was used.
Focusing on cutting process, different parameters influenced the
maximum cutting temperature: i) cutting speed; ii) feed rate; iii) blade
tooth density. Each factor was considered at low and high values. Main
and interaction effects were calculated and then ANOVA was applied. As
a result, it was demonstrated that it was necessary to reduce cutting
speed and blade tooth density, but at the same time feed rate had to be
controlled through an optimized strategy to compensate for the loss in
efficiency and safety caused by the minimalization of the other two
factors. This study illustrates how DoE can be combined with ML to
explicitly trade off throughput and thermal safety during automated
battery disassembly.

Analytical DoE was applied by Sun and Dixon to study the effects of
cooling strategies on a battery pack [330]. The objective was to identify
the optimal configuration and geometry of cooling ducts, plates, and
control modules to maximize battery pack capacity and durability. The
design space for each design factor was uniformly divided and combined
to generate the first design matrix using Latin-hypercube technique.
Then, an optimization process was applied to design an optimal design
matrix that uniformly contained the design points. The model was then
validated by running a series of physical tests on a “U-type cooled”
battery pack. Results were in agreement with the model with a
maximum deviation of the predicted transient temperature between the
simulation and physical test of less than 0.5°C. Next step was the
investigation of cooling duct geometry. “Z-type” cooling duct was
investigated, in which cool air flowed through the upper channel and

—a— Martinet et al. [269]

Response improvement —e— Martinet et al. [270]

—a— Martinet et al. [272]
—v— Rynne etal. [273]
—o— Kerdja et al. [274]
—<4— Awarke et al. [277]
Bella et al. [278]

Model quality

Fig. 5. Radar plot comparing representative DoE studies in the field of battery materials synthesis and optimization. The five axes represent key performance in-
dicators: reduction in experimental effort relative to full-factorial or OFAT approaches (Experiments reduction), improvement of the targeted response after opti-
mization (Response improvement), quality of the statistical model (Model quality), relevance for scale-up and manufacturing (Scalability), and reproducibility/
robustness of the experimental strategy (Reproducibility). Each polygon corresponds to a representative literature study. Values are reported on a normalized, semi-
quantitative scale to enable cross-study comparison. While absolute metrics differ among systems, the plot highlights consistent trends showing how DoE enables
substantial experimental savings while achieving significant performance gains and robust predictive capability.
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exited from the opposite side of the bottom channel. This configuration
resulted in a great disparity of flow rate between inlet side and outlet
side. To improve this, cross-section of the channels was varied along the
battery pack to uniform the pressure drop of inlet and outlet sides. The
height of the inlet and outlet and the heights of closed ends of upper and
lower ducts were defined as design factors for DoE. By reducing the
closed ends of upper and lower ducts and increasing the inlet and outlet
ends, the lumped temperature variation across the pack was reduced as
desirable. In this way, the lumped cell temperature variation across the
modified battery pack was reduced from 10.8°C (conventional “Z-type”
flow battery pack) to 3.6°C. This quantitative reduction in temperature
spread directly supports safer and more homogeneous pack operation.

Charge/discharge process generates heat due to mainly ohmic losses
leading to self-heating phenomenon generated by the movement of the
ions into the cell. SoC, terminal voltage, and temperature must be pre-
dicted and monitored for safety and lifetime requirements on electrical
energy storage technology. Initially, single-particle approach was used.
A new and easy-to-handle lumped parameter model was investigated by
Schmidt et al. to better reproduce input/output behavior of a commer-
cially available lithium-ion cell [331]. A small set of experiments was
chosen, and it was sufficient to the whole operating range of the device.
This was obtained thanks to the application of DoE. By effectively
analyzing and identifying the parameters in the model and by combining
different methods such as the FIM technique along with sensitivity
analysis, they estimated how each parameter could be identified based
on the available measurement data. With this approach, they selected a
few key experiments that were enough to fully define the model pa-
rameters. Such parsimonious experimental plans are particularly rele-
vant when safety-critical models must be calibrated over wide operating
windows without excessive testing.

A coupled electro-thermal model for an air-cooled pack was estab-
lished by Xie et al. to better predict the temperature dynamics of an air-
cooled battery back [332]. This is critical for the battery thermal man-
agement system (BTMS), which has the function of ensuring safety and
efficiency of the battery pack. A current distribution model was defined
to calculate the distribution of the branch current due to inhomogeneous
cooling, then the model was coupled with the thermal one to improve
the prediction of the heat production inside the cell. Battery consistency
was integrated into both the structural design and determination of
operating parameters of the BTMS. Two DoEs were applied to optimize
the air channel. Firstly, an FFD was used to make the structural pa-
rameters cover the full optimization range and obtain the approximate
location of the optimal solution. Secondly, the first DoE results were
analyzed to determine the correct direction, and the orthogonal DoE was
employed to search for the exact position of the optimal air channel
structure. The pack thermal model was solved through CFD method: the
velocity inlet was used for the air entrance and the pressure outlet for the
air exit. The simulated terminal voltage showed similar evolution
compared to the tested one. Also for the temperature, the simulated one
was similar to the tested one. DoE was then used to optimize the distance
(horizontal S, and vertical S,) between two cells to reduce the cell
temperature and the temperature difference among cells. The process
was divided into two phases. The first phase consisted of the application
of an FFD to determine which distance (among S, and S,) had the most
influence: Sy and S, were defined as the two factors. Three levels were
chosen within 21-26 mm due to installation space limitations. The range
and variance analyses were performed. S, revealed to show the most
significant impact on cooling performance. The second DoE was applied
to Sy, while S, was fixed to 21 mm according to the lowest registered
values of the average SoC difference and maximum cell temperature.
The three values Sy1, Sxo, and Sy3 were chosen as the factors of the
second DoE. The orthogonal experiment design was applied to obtain
representative cases and reduce the computational effort. The best case
was found with S,; = 21 mm, S,» = 26 mm, and Sy3 = 26 mm. Overall,
the study shows how sequential DoE (screening followed by refinement)
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can be used to shape pack geometry and improve cooling uniformity
under realistic constraints.

The series hybrid electric bus is an EV in which all the propulsion
energy is produced by the electric machine and is characterized by high
power and energy demands. Commonly, the ESS of EVs is a battery due
to its portability and low cost. The peak-to-average ratios for a common
battery are between 0.5 and 2. An alternative to batteries is the ultra-
capacitor (UC), which has good life cycle and peak-to-average ratios of
10 to 12. Use of both batteries and UC is defined as hybrid ESS (HESS); it
was adopted to reduce the current stress in the batteries decreasing size
and costs and improving their lifetime. Tehrani et al compared a
traditional ESS (based on only batteries) with 2 HESSs: a UC-based
power distribution control strategy (PDCS) to use UC as prior ESS and
a battery-based PDCS to use battery as prior ESS [333]. Two different
bus driving cycle profiles were defined according to the collected data of
two different cities, Tehran and Manhattan. 4 criteria were chosen to
compare the performance of PDCS of ESS and HESSs: i) cycle count; ii)
the sum of over-continuous current (Ah); iii) the sum of brake resistor
power (kWh); iv) the sum of shortage power (kWh). Cycle count method
was utilized to make an estimation of the number of charge/discharge
cycles of batteries in real driving cycles. The sum of over-continuous
current was an indicator of high current stress of battery, which
reduced its lifetime. The sum of brake resistor power indicated the en-
ergy saving loss. The sum of shortage power was the difference between
the ESS power demand and the ESS power provided. A DoE was applied
to optimize the parameters of the battery-based PDCS. Results indicated
that UC-based HESS was the best configuration for Tehran driving cycle,
while battery-based HESS performed better for Manhattan driving cycle.
This highlights how DoE-assisted control tuning can adapt hybrid stor-
age architectures to specific duty cycles, reducing current stress and
indirectly improving safety margins.

BMS is the supervising control unit that processes the actual status of
the battery cells sharing the data with the other controllers of the
vehicle. To do this, a mathematical model describes the nonlinear dy-
namic behavior of the cell terminal voltage in dependance of charge/
discharge current with the objective to predict the dynamics of the
battery in the specific environmental and loads conditions. SoC is not
directly measurable, so a series of modeling approaches exists: i) EMs; ii)
ECMs; iii) black/grey box techniques-based modeling. Hametner et al.
used the third approach to define a nonlinear model structure and
automated nonlinear observer design [334]. DoE played a critical role in
defining SoC excitation signal of the cell current. The signal was
adjusted to the specific prior process model: in this way, the model
parameters could be estimated from measured data. The optimization
was based on a linear dynamic cell model. Then, the FIM was used, i.e. a
tool to measure the information content of the excitation signal. The
definition of the FIM was based on the partial derivative of the model
output with respect to the model parameters. The following conditions
were adopted to optimize the cell current excitation signal: i) SoC
operating range was defined and included in experimental design; ii) cell
current excitation predefined levels were adopted; iii) hysteresis and
relaxation phases were applied which consisted in zero current phases
between charge/discharge pulses. The resulting optimized excitation
profiles improved observability of internal states, which is crucial for
robust SoC estimation in safety-relevant BMS functions.

Battery charging is an imperative research topic. Improving battery
charging means increased battery charge, energy efficiencies, life cycle,
and — at the same time — reduced charge time, but also the possibility to
avoid thermal runway. LiPBs, which are constituted of gel-like polymer
electrolytes (instead of LIBs that use liquid electrolyte), have stringent
charging algorithms. The most known and used is the CCCV. Pulse
charging algorithm can improve the battery charging phase involving
the use of charge current pulses. As shown by Amanor-Boadu and
Guiseppi-Elie, the use of pulse charging algorithm ensures that the Li
ions electrochemically produced during each pulse migrate from the
cathode to the anode and successfully intercalate without accumulation
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on the electrode surface of the ions produced by the successive pulse
[335]. The investigation of the best combination of these parameters can
be performed with OAs, which allow at the same time to reduce the
number of experiments and to get comparable results to FFD. The chosen
parameters were duty cycle of the pulses, frequency, and the ambient
temperature at which the battery was charged. Frequency and duty
cycle had the greatest impact on the battery performance. Moreover, a
confirmation experiment was performed and compared with the
benchmark CCCV charging algorithm. Pulse charge led to an improve-
ment of 12 % in battery energy efficiency, 2 % in battery charge effi-
ciency, and to a 48 % reduction in charging time. The impact of the peak
amplitude of pulse charging current was also investigated and, even if
the higher the peak, the faster the charging time, the peak charge current
amplitude had to be within the specification of the battery to avoid
damages caused by the increase of its surface temperature. Referring to
the life cycle, DoE was applied, more specifically a 36-row OA was
constructed. At 23°C, both CCCV charged battery and pulse charged
battery revealed similar impedance values. Frequency and duty cycle
had the greatest impact on life cycle. 12 kHz and 50 % duty cycle were
the best values leading to the lowest level of impedance, which meant
the highest conversion of input to stored energy and equal time allocated
to anode and cathode reversal. This set associated with pulse charging
allowed for 100 more cycles with respect to the same set associated with
CCCV charging method. Overall, the study showed that DoE-designed
pulse protocols can simultaneously target fast charging, higher effi-
ciency, and extended life, while keeping surface temperatures within
safe limits. In this context, the concept of smart charging becomes
prevalent in order to improve the efficiency of the batteries and reduce
their progressive decay.

LIBs suffer from initial capacity losses caused by the formation of the
SEI layer. This effect consumes Li-ions with the result of reducing the
energy density and the life cycle. An approach to compensate this is the
prelithiation, which consists in adding lithium to the cell before the first
charge and discharge cycle of the formation process. To do this, Stumper
et al. investigated a roll-to-roll process for direct prelithiation focusing
on the compaction properties of the electrodes [336]. The process was
realized by calendering a lithium foil until reaching target thickness.
DoE was applied to analyze the process. As shown in Fig. 4B, an
empirical model first and a semi-analytical model then were used. Input
variables were geometry and material characteristics, while the output
was the thickness and the new geometry of the foil after calendering. For
the empirical model, an FFD was carried out to define the range of values
for each input parameter represented in the form of vectors. Various
assumptions were made as follows: i) lithium is isotropic, so its defor-
mation does not depend on direction; ii) density of lithium does not
change before and after calendering, so the volume constancy is valid;
iii) there is no relative sliding between lithium foil and the carrier foil
and between the calenderer roller and the rolled material; iv) the tem-
perature distribution is uniform; v) no deformation of the carrier foil
(made of copper) occurs due to the line loads applied. Moreover, the web
speed, the input thickness of the Li foil, and the temperature of the roller
were kept constant and equal to 0.1 m min'l, 50 pm, and 20°C,
respectively. In addition to the empirical model, a semi-analytical
modeling was carried out to verify the length and the width of the foil
after calendering. The data calculated with such a model offered a very
good approximation of the data measured during the tests. A validation
of the empirical model was done by considering the residuals r in the 3D
space. For the largest residuum, the deviation was about 6.3 % referred
to the measured value. Regression coefficient was calculated to estimate
the quality of the regression. A result of 0.99 was achieved, which
confirmed the high quality of the proposed model. Such a statistically
optimized prelithiation step is crucial to control initial lithium losses in a
reproducible way and to avoid uncontrolled metallic lithium deposition.

The rise in global energy demand (expected to increase by 11-27 %
until 2050) due to socioeconomic development and climate warming
emphasizes the urgency of addressing battery calendar and cycle life in a
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safety-oriented perspective. Corrosion, particularly affecting the
aluminum current collector in the positive electrode, is a significant
factor influencing the calendar life of batteries. The hydrolysis of lithium
hexafluorophosphate (LiPFg) produces compounds that deteriorate
battery performance. The TM was employed to design experiments
targeting the corrosion process in LIBs, aiming to extend their lifespan
[337]. The factors investigated were the type of lithium salt, concen-
tration of ethylene carbonate in the electrolyte, and operating temper-
ature. TM involves calculating averages and standard deviations to
determine the S/N and sensitivity to noise ratio. Objective functions
were created based on optimization criteria, such as 'the smaller, the
better' or 'the bigger, the better'. ANOVA assessed the influence of con-
trol and noise parameters on the corrosion process. The study utilized
three lithium salts, i.e. LiPFg, LiB(C204)2 (LiBOB), and LiN(CF3SO3);
(LiTFSI), and cyclic voltammetry and EIS were performed at various
temperatures. Results indicated that corrosion was more pronounced in
electrolytes containing LiPFg, suggesting that the composition of the
electrolyte had a more significant impact than temperature on
aluminum current collector behavior. An ECM helped to analyze
impedance data, showing variations in resistance with the progress of
the experiment. The corrosion current densities were the lowest with
LiBOB and the highest with LiTFSI, exhibiting temperature dependence.
TM predictions aligned with experimental findings, suggesting TM
reliability in guiding electrochemical measurements. Overall, TM-based
DoE quantified that lithium salt type had the most significant influence,
followed by temperature and solvent composition, providing a statisti-
cally robust guideline for electrolyte formulation under corrosion
constraints.

Large format LIBs suffer from large temperature differences due to
their large dimensions. This causes rapid reduction in cell capacity.
Newman’s model, which was the most used in last years, had the limi-
tation of predicting the temperature distribution only in the thickness
direction of the LIB cell. 3D electrochemical/thermal models were
introduced to dimensionally extend the temperature distribution pre-
diction. Lee et al. proposed a new approach based on DoE procedure and
starting from the Rao and Newman’s electrochemical/thermal model to
analyze the temperature distribution of a 45 Ah LFP/graphite pouch cell
[338]. The negative and positive tab attachment positions and cell
aspect ratio were defined as design factors, while maximum and mini-
mum temperatures in LIB cell and the difference between maximum and
minimum temperature were identified as responses. The EM allowed for
the calculation of the SoC, the potential distribution, the current density
distribution, and the heat generation, while the thermal model was able
to calculate the temperature distribution. The cell aspect ratio was
defined as the ratio of the width to the length, while the tab attachment
positions were defined as the ratio of the attached position to the
attachable range. The sampling points were defined performing an FFD
on three factors with five levels. ANOVA analysis was carried out to
determine if the design factors were statistically significant. The cell
aspect ratio was assumed as the most effective followed by the positive
tab attachment position. Moreover, the fact that the positive tab was
made of aluminum led to an increase of its effect on the difference be-
tween the maximum and the minimum temperature. The study clearly
showed that geometric design factors, often treated as fixed constraints,
strongly affected in-plane temperature gradients and therefore had to be
included as explicit decision variables in safety-oriented pack design.

Electrode manufacturing plays an important role in final LIBs per-
formance. There are many steps involved in this process, each stage
being critical to the final result. Romam-Ramirez et al. applied DoE
methodology to a pilot scale manufacturing of NMC622 cathodes to
study the main influencing process variables of the coating-drying step
[339]. Process variables were identified as: i) comma bar gap; ii) web
speed; iii) coating ratio; iv) drying temperature; v) air speed. Physical
and chemical electrode properties were thickness, mass loading,
porosity, gravimetric capacity, volumetric capacity, and rate perfor-
mance. Multiple linear regression analysis was performed using a PB
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experimental design. Dependent variables were measured at three
different steps: before calendering, after final drying, and on the coin
cells produced from the strips (Fig. 4C). From ANOVA, coefficient of
determination (R?) and predicted R? (R;red) were obtained to establish

the predictive capabilities of the model. The analysis comprised 12
experimental runs and it was divided into two parts. Bar gap and coating
ratio were classified as the most influencing factors for the thickness,
mass loadings, and cell coating weight showing a closely link to battery
performance. A regression analysis was also performed to determine
possible relationship between electrochemical properties on half of coin
cells and physical characteristics by taking into account coating weight
and porosity as input variables. Coating weight was identified as the
most important property. With thinner electrodes, superior perfor-
mances were obtained. Porosity was critical only at the lower C-rates. In
terms of safety and management, this DoE-based screening provided
quantitative process windows for coating uniformity, indirectly con-
straining local current densities, and hotspot formation in large-format
cells.

The broad working temperature range for LIBs is -20 to 60°C, while
the optimum range is limited from 15 to 35°C. Above the high limit, the
cells are subjected to capacity degradation, while at lower temperatures
they are affected by an increase of internal resistance. Active and passive
cooling techniques were studied in this regard. In the case of EVs, the use
of a passive cooling system is considered to reduce power consumption.
Phase change materials (PCMs) were used in this system since they can
absorb the excess heat generated during charge/discharge cycles. From
another point of view, PCMs are limited by their low thermal conduc-
tivity. So, additional dissipation media as fins and heat pipes are coupled
as secondary heat sinks. Verma et al. developed a model where PCM
layers were inserted in between the cells of a battery module coupled
with an array of longitudinal fins [340]. The thermal performance was
defined by evaluating five parameters: i) volume average temperature of
the four cells constituting the battery pack after 1200 s; ii) active time as
the time after which the PCM had to be solidified for the next discharge
cycle; iii) temperature uniformity as variation between the maximum
and minimum temperature; iv) heat duty as the ratio of heat flux to a
body surface and the body mass that absorbs the incoming heat; v)
non-dimensional temperature drop as the ratio of actual and maximum
temperature difference in the battery pack. This study exemplified how
DoE on non-dimensional retrofit parameters can guide lightweight
passive cooling solutions that keep cells within the optimal operating
window while minimizing additional mass.

Redox flow batteries (RFBs) are recently emerging as a valid alter-
native to Li-based counterparts. They are subjected to a characterization
process that is composed of a large number of charge/discharge cycles to
measure battery capacity and round-trip efficiency (RTE). This proced-
ure requires too much time. The implementation of a method to model
the RFB performances with a limited set of factors and through the use of
DoE methodology was investigated by Delbeke et al. [341]. The study
was based on two basic principles: the Pareto principle, which declares
that any real process is mostly driven by a limited number of important
factors, and the Taylor’s theorem, which states that any function can be
approximated by a polynomial (of first, second, or higher order) in a
sufficiently small area. Various parameters influenced the battery per-
formance, but some of them could not be controlled by RFB operators so
they were discarded from the DoE. The chosen RFB output parameters
were the DC discharge capacity and the DC RTE as follows:

_ Scaled DC discharge capacity;
Ioci = ~gcaled DC charge capacity,

(Eq. 33)

DoE was applied as follows: first of all, 4 experiments were con-
ducted on the single RFB module using D-optimal design scheme to
identify the most influential controllable parameters in the system. This
set of experiments included 4 of 6 controllable parameters: i) charge
rate; ii) discharge rate; iii) minimum SoC; iv) maximum SoC. Among
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them, the most dominant turned out to be charge and discharge rate.
Electrolyte temperature, which was uncontrollable but easy to measure,
had a high influence on the process. A second set of experiments was run
with the same controllable parameters of the first set, but adding an I-
optimal extension to study the potential improvement of the models.
The third set of experiments was focused on finding a way to properly
quantify the influence of the temperature on the battery performance.
Resting time was varied to let the electrolyte cool off. The adopted range
was 15 to 720 min. The resting time at maximum SoC was detected as
statistically consistent parameter for predicting DC efficiency and DC
discharge capacity. Based on the insights of the previous designs, the
most influential controllable parameters were identified, and a corre-
sponding orthogonal characterization experiment could be conducted
with a reduced time of 6.5 days with respect to nearly 13 days of clas-
sical characterization experiments. This DoE-based protocol halved the
characterization time while preserving predictive power, which is
crucial to safely qualify new RFB chemistries and operating windows
without excessively long test campaigns.

The studies presented in this section clearly demonstrate how the
application of DoE has brought a new level of rigor and efficiency to the
investigation of battery safety and management. From the optimization
of automatic disassembly processes to the fine-tuning of cooling archi-
tectures and the design of predictive electro-thermal models, DoE has
proven to be a versatile tool capable of handling the complexity of
safety-critical variables. By combining screening, response-surface
modeling, robust design, and OAs, DoE enables the identification of
safe operating windows and the quantification of trade-offs between
performance, lifetime, and safety with a reduced experimental burden.
Looking ahead, the integration of DoE with digital technologies such as
ML, cyber-physical systems, and advanced multiphysics simulations will
further expand its potential. In disassembly and recycling, for instance,
DoE could be combined with real-time sensor data to dynamically adapt
cutting or sorting processes, ensuring both worker safety and material
recovery efficiency. The activities related to DoE for sensors design are
truly numerous in the literature [342-351]. In thermal management,
coupling DoE with high-fidelity digital twins may allow for the design of
adaptive cooling systems that respond in real time to changing load
conditions. Moreover, the rising importance of hybrid energy storage
architectures, as well as the diversification toward sodium-ion and redox
flow batteries, opens new frontiers where DoE can serve as a method-
ological backbone to ensure safety across chemistries and formats. Ul-
timately, the future of battery safety will depend not only on better
materials and smarter algorithms, but also on the capacity to frame
safety as an optimization challenge to be solved systematically. In this
sense, DoE can act as a bridge between experimental evidence and
predictive analytics, providing statistically robust datasets for the cali-
bration and validation of safety-relevant models. As battery technologies
scale up to meet global energy demands, its role will become even more
critical in guiding the design of safer, more reliable, and more sustain-
able ESSs.

7. Perspective

The rapid expansion of battery technologies across synthesis,
manufacturing, deployment, and EoL management calls for a more
systematic and harmonized use of DoE. While the studies reviewed in
this work clearly demonstrate the value of statistically structured
experimentation, the field still lacks shared protocols, interoperable
datasets, and a unifying roadmap. Moving beyond isolated applications
requires coordinated methodological advancement. In this section, three
pillars that could anchor the next phase of DoE-enabled battery research
are outlined.

First, a field-specific roadmap for DoE along the battery value chain.
Across each segment of the battery ecosystem, DoE can support different
classes of decisions, and different design families are appropriate:
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m Materials synthesis: typical factors include precursor ratios, anneal-
ing profiles, solvent composition, and dopant levels; responses span
phase purity, particle morphology, conductivity, and interface sta-
bility. Early-stage exploration benefits from screening designs (PB,
fractional factorial), followed by RSM or mixture designs for
compositional optimization. Sequential designs can reduce experi-
mental load and allow for the rapid elimination of unpromising
regions.

m Electrodes and cells manufacturing: process parameters such as
coating speed, drying temperature, porosity, calendering pressure,
and binder/carbon composition require combined designs (categor-
ical + continuous factors) and multi-stage DoE to account for
process-structure-performance coupling. Here, linking DoE with
physics-based manufacturing models can substantially reduce
experimental burden.

m Performance and aging testing: temperature, SoC windows, CR, duty

cycling, RMS current, and stress factors are high-dimensional vari-

ables that influence capacity fade and impedance rise. Efficient
identification of dominant effects requires optimal designs, while

robust designs can quantify sensitivity to uncontrolled variability (e.

g, ambient fluctuations). Integrating DoE with aging models and

digital twins can support accelerated testing protocols.

Batteries management, estimation, and safety: parameter identifi-

cation for BMS algorithms, excitation signal optimization, and

thermal management architecture design are ideally suited to model-
based DoE, where Fisher information and optimal input design are

used to define minimally redundant test sequences. In fault di-

agnostics, DoE can aid in creating well-conditioned datasets for al-

gorithm training and validation.

m Recycling, direct regeneration, and disassembly: process variables
include solvent systems, reaction times, temperatures, mechanical
separation strategies, and pre-treatments. Because sustainability
metrics must be considered alongside efficiency, multi-objective DoE
is essential. Coupling DoE with ML surrogate models can drastically
shorten the optimization of eco-efficient recycling routes.

Beyond its traditional role in experimental planning, DoE can play a
concrete enabling role in the development of adaptive algorithms for
BMSs. In this context, DoE is not intended as an online optimization tool,
but rather as an upstream methodology to generate compact, validated,
and interpretable surrogate models from structured experimental data-
sets. DoE-derived models trained on systematic aging and performance
campaigns can be embedded within BMS architectures to define safe
operating envelopes in terms of temperature, current, and SoC windows.
These models can inform rule-based or model-predictive control stra-
tegies by explicitly quantifying parameter sensitivities and interaction
effects, thereby enabling adaptive adjustment of operating limits as a
function of usage history or environmental conditions. In this way, DoE
provides a statistically grounded bridge between extensive offline
experimentation and real-time, safety-critical decision making without
increasing onboard computational complexity.

The integration of DoE with ML represents another key direction for
future battery research. Rather than replacing DoE, ML can be most
effectively deployed when built upon DoE-generated datasets, which are
information-dense, balanced, and explicitly designed to capture in-
teractions. In practical workflows, DoE can be used in an initial explo-
ration phase to identify dominant factors, relevant interactions, and
suitable parameter ranges; the resulting datasets can then serve as high-
quality training and validation inputs for ML models aimed at predic-
tion, classification, or optimization. Sequential or adaptive DoE strate-
gies may further refine the design space as ML models highlight regions
of high uncertainty or sensitivity. This hybrid DoE-ML approach offers a
clear roadmap toward scalable, interpretable, and physically consistent
data-driven models across materials development, manufacturing opti-
mization, and battery management.

The second pillar is given by a proposal for an open, curated database
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of DoE-based battery studies. Indeed, a major limitation in today land-
scape is the absence of a shared, structured repository of DoE applica-
tions in batteries. A community-driven, open-access database is here
proposed, where each entry includes: i) Design metadata: type (e.g., PB,
CCD, D-optimal), size, factor definitions, levels and ranges, constraints,
randomization strategy; ii) Response definitions and measurement
protocols: including units, instrumentation, calibration, and uncertainty
reporting; iii) Model structure and validation: regression form, interac-
tion terms, goodness-of-fit metrics (R2, Q2, RMSE), residual analysis, and
cross-validation methods; iv) Reported optima and practical signifi-
cance: including operating windows, confidence intervals, and scal-
ability considerations; v) Application domain: synthesis, manufacturing,
aging, safety, BMS, or recycling; vi) Industrial relevance: process
throughput, cost implications, environmental constraints, and robust-
ness to variability. Such a database would enable meta-analysis across
chemistries and processes, reveal recurring influential factors, identify
underexplored parameter spaces, support ML-assisted design of new
DoE campaigns, and serve as a foundation for reproducible science.

The last pillar aims at standardized DoE reporting protocols in bat-
tery research. To ensure reproducibility, comparability, and industrial
uptake, a reporting checklist for all future battery-related DoE studies is
here proposed: i) Clear definition of factors (continuous/categorical),
factor ranges, and justification of boundaries; ii) Explicit design
description, including the full design matrix or a complete level-coding
table; iii) Model equations with identification of linear, quadratic, and
interaction terms; iv) Statistical validation, including residuals, LOF
tests, prediction intervals, and sensitivity analysis; v) Practical signifi-
cance, not only statistical significance: interpretation of optima, oper-
ating windows, and scaling considerations; vi) Discussion of
reproducibility and robustness, including how noise factors were
controlled, randomization applied, and uncertainties quantified; vii)
Recommendations for follow-up designs, highlighting where sequential
or adaptive DoE could refine current findings. Standardizing these ele-
ments would accelerate knowledge transfer across laboratories and in-
dustries, facilitate automated data extraction for databases, and support
the future integration of DoE into autonomous experimentation
platforms.

DoE has the potential to evolve from a specialized statistical tool into
a unifying methodological framework for the battery field. By adopting a
shared roadmap, contributing to an open community database, and
converging toward standardized reporting protocols, the community
can transition from isolated case studies to a coordinated, data-rich
research ecosystem. In this vision, DoE becomes the backbone linking
experiments, models, and ML, ultimately enabling faster, safer, and
more sustainable battery innovation.

8. Conclusion

This review has illustrated the multifaceted role of DoE in the
development and optimization of electrochemical batteries. Across
materials synthesis, performance and aging studies, safety management,
and recycling processes, DoE has consistently proven its ability to
extract meaningful insights from complex experimental spaces, identify
critical variables, and accelerate optimization. By reducing redundancy
and improving reproducibility, DoE bridges laboratory-scale research
with industrial scalability, contributing to both scientific discovery and
technological deployment.

The evidence collected highlights that DoE is not merely a statistical
tool, but a strategic enabler for innovation in the field of energy storage.
Its applications extend from optimizing electrode formulations and
cathode chemistries to designing safer pack architectures and improving
recycling efficiencies. The systematic frameworks provided by DoE
enhance the robustness of conclusions, foster comparability across
studies, and lay the groundwork for reproducible research in an
increasingly interdisciplinary field.

In conclusion, DoE emerges as a cornerstone methodology for
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advancing the reliability, sustainability, and performance of current and
future battery technologies. As the energy transition accelerates, the
approaches and insights summarized in this review will remain funda-
mental to guiding research and development, supporting the creation of
safer, more efficient, and environmentally responsible electrochemical
ESSs.
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