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Abstract: Recent developments in lithium-ion batteries have improved their capacity, which allows
them to be used in more applications like power tools. However, they also carry higher risks, such
as thermal runaway, which can happen if they are damaged. To make these batteries safer, it is
important to improve the design of their housings subjected to multiple drops during their use. This
article introduces a new method for optimizing the design of lithium-ion battery housings using a
Quantum-Inspired Evolutionary Algorithm (QEA). Previously used mainly in theoretical settings,
the authors have adapted QEA for practical engineering tasks. Multiple-drop test simulations were
performed, and QEA was used to identify the best housing designs that minimize damage. To
support this, a program was developed that automates all drop tests and rebuilds the model. The
damage is obtained on the basis of the finite element method (FEM) analyses. The findings show that
the algorithm successfully identified designs with the least damage during these tests. This research
helps make battery housings safer and explores new uses for QEA in mechanical engineering.

Keywords: Quantum-Inspired Evolutionary Algorithm; optimization; multiple-drop test; FEM;
Li-ion battery housing

1. Introduction

The development of battery cells in the last few years has resulted in new chemistries,
which caused a significant increase in electrical capacity. This has opened up new opportu-
nities to implement batteries in applications where it was previously not possible due to
their high mass, volume, or insufficient capacity. As a result, lithium-ion batteries started
to be widely used in power tools, garden tools, and other common household devices.
In 2009, W. Weyland predicted that li-ion cells would have a significant participation in
the market, which can be confirmed by the present situation [1]. Recent papers also show
that this trend will continue [2,3]. Li-ion batteries have many advantages but also provide
additional challenges to solve. The high energy density also increases the potential risks
associated with devices that use these batteries. Lithium-ion cells, when damaged, are
sensitive to a phenomenon known as thermal runaway [4]. Thermal runaway can be
initiated by mechanical, thermal, chemical, and electrical factors. The progression of this
phenomenon is often comparable to an explosion [5]. A single cell is constructed from lay-
ers (anode and cathode), and when a short circuit occurs between these layers, the thermal
runaway phenomenon is initiated. This phenomenon has catastrophic effects, similar to
chain reaction, where surrounding cells can also experience the same phenomenon, and it
becomes uncontrollable. Due to the growing demand for electrical tools and high potential
risk involved, a greater focus is required on their safety.

From an electrical perspective, the Battery Management System ensures the safety
of the battery by monitoring its voltage balance and other electrical parameters [6]. It
can also shut the battery down when any electrical parameter reaches a dangerous level.
However, from a mechanical perspective, once a Li-ion cell is damaged, there is no way to
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stop the reaction. Although engineers try to find methods to simulate and limit the effects
of thermal runaway when it occurs, it is still better to prevent the start of this phenomenon
from initiating rather than to mitigate its effects [5,7].

The typical mechanical tests to which batteries are subjected focus on simulating
conditions occurring during battery transportation [8–13]. These tests include vibration
tests (both harmonic and random vibrations) and shock tests (acceleration or deceleration,
e.g., 150 G). However, it is important to note that various mechanical events can also
occur during normal everyday work with handheld power tools, such as drops or impacts.
Among these, the drop test is crucial in relation to natural human awkwardness and
accidents, where drop incidents can occur during the usage of a power tool and, e.g.,
battery replacement. Drop events can occur for the whole tool and only on the battery,
which is presented in a simplified way in Figure 1.
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Figure 1. An example of a drop event with the whole electrical tool and separate battery.

The drop test is especially important because drops can occur frequently during the
daily operation of batteries. Therefore, the electric tools industry recommends subjecting
batteries to multiple-drop tests to ensure their durability and safety. The drop test can
be performed with various configurations but involves several repetitions from various
heights on the same side of the battery.

Today, in the industrial reality, there is a significant focus on reducing test failures.
The traditional approach to postfailure component redesign is known as economically
impractical. Consequently, there is a significant impetus towards the development of
simulations capable of eliminating potential issues during testing.

Single-drop tests are popular because there are well-known methods for evaluating
behavior during these tests, and there are many examples of such studies in the litera-
ture [14,15]. Unfortunately, single-drop tests are not enough to replace the need to simulate
multiple-drop tests, which are not yet described in the scientific literature. This is because
simulating only the highest drop does not consider the damage that builds up from pre-
vious drops. Therefore, creating an equivalent single-drop scenario for a multiple-drop
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test is complex, mainly because single-drop calculations usually give results with fewer
negative effects compared to real-world observations. Thus, there is a strong need to focus
on simulating multiple-drop tests.

Optimization plays a critical role in many areas of engineering, aiming to make
systems, structures, and technologies perform better, use less energy, and be more durable.
It is widely used in areas such as aerospace [16], civil engineering [17], electronics [18], and
the automotive industry [19,20]. The goal is always to find the most effective solutions
that meet specific performance criteria under given constraints, which is particularly
essential in high-stakes environments such as battery safety. The solution space includes
many potential solutions, possibly hundreds or thousands. Therefore, it is not practical
to explore each configuration in detail. This underscores the need to use optimization
techniques to quickly find the best solution while reducing unnecessary computational
costs. There are many well-known optimization methods documented in the literature,
such as evolutionary algorithms, particle swarm optimization, artificial neural networks,
and gradient methods [21]. These techniques find practical application in engineering tasks
and are often integrated into commercial finite element method (FEM) software. In this
particular example, we will evaluate the performance of a Quantum-Inspired Evolutionary
Algorithm (QEA), a new approach that, so far, has not been practically implemented in the
optimization of mechanical structures.

All the challenges mentioned above require solving several technical issues, including
the automated running of multiple simulations, the smooth transfer of data from one analy-
sis to the next drop test, the rebuilding of the geometry, the formulation of an optimization
problem, and the determination of an optimal solution. In this research article, the authors
aim to present their proposed solution to address these challenges using an automation
algorithm and a QEA. This approach will be shown in a representative test scenario and an
example of the geometry of the battery housing.

2. Materials and Methods
2.1. Optimization Algorithm

The Quantum-Inspired Evolutionary Algorithm (QEA), developed by Kuk-Hyun
Han and Jong-Hwan Kim [22] approximately two decades ago, initially found application
primarily in theoretical test functions, such as the knapsack problem. The QEA mimics some
of the quantum mechanics phenomena [23–26]. The superposition state of information is
typical for quantum mechanics and defines information granules as a qubit instead of bit
found in the classical approach. The quantum bits, qubits, can exist in multiple states at
once. The state of qubit can be represented using the Dirac bracket notation as follows:

|ψ⟩ = α|0⟩+ β|1⟩ (1)

where α and β are complex numbers that specify the probability of the corresponding states
|0⟩ and |1⟩. The value |ψ⟩ is determined in the moment of reading the information from the
qubit—it means that the same weights α and β can lead to different resulting values of |ψ⟩.
The representation of all possible states of |ψ⟩ can be visualized as a Bloch sphere (Figure 2).
The QEA is based on such an approach; however, some simplifications are introduced; for
example, the α and the β can be real numbers, and the Bloch sphere is reduced to a circle or
part of the circle. The qubit value still depends on coefficients, and the results are known in
the moment of reading the qubit value and, as a result, can be reduced to the classical bit
value 0 or 1. The optimization algorithm presented in the paper operates on floating point
number so that the group of qubits, after reading the values, the group of bits are converted
to floating point numbers taking into account the box constraints of each design variable
value and Gray code. The optimization program allows one to define the number of qubits
that represent each design variable. The population of vectors of qubits is proceeded in
each step of QEA like in typical evolutionary algorithms.
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The QEA operates on qubits and works similarly to evolutionary algorithms. Typical
operators like crossover and mutation can be used to modify qubits but also are typical for
QEA operators working like quantum gates. Quantum gates modify the α and β coefficients.
The master direct problem and the slave optimization algorithm [27] approach is used to
perform the computations. The flowchart of the QEA is shown in Figure 3. The starting
population can be defined in a random way, but in the presented approach, the Hadamard
gate is used for each qubit, and so the probability of 0 and 1 values during readout is the
same. The parameters of all qubits and internal variables are stored, and the direct problem
is solved for each individual (after reading the values of qubits and converting them to
floating-point design variables values). The objective functions and previous state of qubits
and variables are transferred to the QEA, and one step of selection and modification of
qubits is performed. The selection in QEA leads to the modification of qubits with the
influence of the best performing solution in the population. The objective function is
obtained again for the modified population in case the end of computation condition is
not fulfilled. The end-computation condition can be formulated as a desired best value of
objective function, the number of iterations without objective function improvement, or
maximum number of iterations.
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2.2. Problem Formulation

The goal of this analysis is to achieve an optimal design that can effectively withstand
the challenges posed by multiple-drop test scenarios. This involves fine-tuning various
parameters to find the configuration in which the results are affected the least by damage
after several drop tests. The objective function should be defined in a way that allows
it to select the best individual from a design case, where in each configuration, there
has been no damage; secondly, in all configurations, damage occurs; and thirdly, in one
where both situations occur. Therefore, it was decided to use a sum of damage indicator
and deformation. Mathematically, this problem can be described as minimizing the total
amount of material removed when certain thresholds for damage indicators and plastic
deformations are reached. The minimalization problem can be described by minimalization
of objective function J0:

min
P

J0(P) (2)

where
J0(P) = a·N(P) + b · εp_max(P) (3)

where N(P) is the quantity of deleted elements due to exceeding the failure criterion,
εp_max(P) is the max equivalent plastic deformation from Misses theorem, and a, b are
weight factors. P is the vector of design variables, which is represented by vector with the
floating-point representation as follows:

P = [P1, P2, . . . , Pn] (4)

where Pi—geometry parameter. Restrictions C on genes are imposed in the following way:

C = {P : ∀i ∈ {1, . . . , n}Pimin ≤ Pi ≤ Pimax} (5)

where Pimin is the design i minimal value, and Pimax is the design i maximal value.
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2.3. Objective Function Evaluation

Objective function evaluation is performed based on FEM results (Abaqus 2023 soft-
ware was used in the calculations). Explicit integration was used for the solution of dynamic
problems, which is dedicated to this type of phenomenon with fast deformations close to
the velocity of mechanical wave propagation in the material. The analysis of the housing is
performed as a series of FEM problem solutions for drops of the same housing at various
heights. The FEM software allows one to transfer the initial state (stress tensor, damage
state), by choosing the previous analysis results, which are imported into the beginning
of the next analysis step (next drop tests). For the automation of the entire process, the
algorithm presented in Figure 4 was developed.
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The input parameters can be categorized into three main sets. The first called model
data relates to the simulation parameters, including geometry, material properties, dis-
cretization, contact mechanics, boundary conditions, required for performing a single drop
test simulation. The geometry of the housing is modified according to the sets of design
variables obtained from QEA.

The final set (script parameters) includes data related to the displacement value at
which the analysis is to be terminated to prevent the excessive bouncing of the object.
To prevent the phenomenon from occurring, e.g., when the analysis time is fixed, and
the dropped object bounces higher than its initial position. The Abaqus solver has the
capability to stop calculations if a certain threshold in the analysis is exceeded. In this case,
it involves a filter that checks whether the characteristic points have exceeded the point
from the beginning of the analysis.

For optimization purposes, the algorithm must possess the capability to modify the
housing geometry. This functionality requires the integration of model construction within
a loop. This involves the following parameter correction: models are reconstructed from
scratch rather than modifying existing ones. This approach provides greater control over
the model compared to modifying an existing one. Consequently, following the initial
model reconstruction after parameter selection, a new model is constructed from the ground
up, defining the complete analysis for the first drop.

This newly constructed model is included in the test loop, where velocities, directions,
and repetitions are defined until the entire loop is completed. Within this loop, the following
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conditions are evaluated. If it is the first drop for an individual within the loop, the initial
state is deactivated. However, for further drops, this condition is activated, reading the
initial state from the end of the previous analysis. Finally, the FEM solver calculations are
executed. After the individual’s computations have been finalized, the algorithm accesses
the database of solutions and makes a systematic search through each finite element,
recording the count of removed elements and the maximum value of plastic deformation,
which are components of the above-mentioned objective function.

The objective function evaluation depends on damage evolution modeling in FEM.
The constitutive model of plasticity used in this approach is well known as the Misses yield
criterion, where equivalent stress σv, q are calculated, and σi are Cauchy stress tensor com-
ponents:

q = σv =

√
1
2

[
(σ1 + σ2)

2 + (σ2 + σ3)
2 + (σ3 + σ1)

2
]

(6)

The second component connected to element deletion uses damage initiation and
damage evolution criteria. For the equivalent plastic strain, damage initiation and damage
evolution phenomenological model has to be evaluated.

The damage model in materials is divided by the initiation of damage at D = 0
and damage evolution what is presented in Figure 5. The damage parameter D is given
as follows:

D(ε) =
∫ ε f

εp

dε

ε f
(
η, Θ

) (7)

where εp is the equivalent strain for damage initiation (D = 0), ε f is equivalent strain for
maximal damage (D = 1), and η is the stress triaxiality factor and Θ Lode parameter. The
stress triaxiality parameter is described as follows:

η =
−p
q

(8)

where p depends on the mean stress of the following:

p = −σm = −1
3
(σ1 + σ2 + σ3) (9)

q is the equivalent stress, and σ1, σ2, σ3 are principal stress values.
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After damage initiation (D = 0), stress σ in every single increment of analysis can be
described as the scalar equation of damage with undamped (without damage) stress σ
as follows:

σ = (1 − D)σ (10)

Element removal occurs when the material achieves maximum stiffness degradation.
The degradation of elasticity, where the parameter is Young’s modulus E, degrades to
E′ according to the following equation until it completely loses stiffness when D = 1, as
shown below:

E′ = (1 − D)E (11)

Both conditions are critical points from the perspective of drop simulation. Without
damage evolution (instead of simple element deletion at D = 0), the elements could collapse
each by each in the area of contact with the floor, due to instantaneous exceeding strain
deformation at failure in a contact area, additionally this kind of sudden removing of
elements causes unnatural fluctuations of stiffness of the structure. Without taking into
account stress states like the Lode parameter and stress triaxiality, the material could
collapse too early, e.g., in a compression state, when in real materials, they demonstrate
different behaviors during compression and tension.

3. Numerical Example

For the purposes of this study, a conceptual battery design is considered potentially
suitable for use in a power tool. The design enables the construction of a cell pack in various
configurations, depending on the power demand and battery capacity, which is shown in
Figure 6.
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The main component of the housing, the corepack, holds the cells and facilitates the
connection to the power tool. Additional protection is provided by welding covers on the
front surfaces. The drawing excludes electronic components such as busbars and cables
(Figure 7). This study, being experimental, focuses on optimizing the corepack.
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Figure 7. Conceptual project of battery (smallest configuration) which can be implemented in
power tool.

Thus, the chosen optimization object is the smallest configuration core from which
unnecessary structural elements have been removed to expedite the time-consuming
calculations, as shown in Figure 8. This geometry is characterized by three fundamental
design elements. The external part of the shape is called the damper (brown), and through
the ribs (green), it is connected to the core (blue).
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Figure 8. Geometry of the battery housing and design variables.

Point masses with weight of 0.07 kg represent cells and are connected by multipoint
constraints with all six degrees of freedom on inner cylindrical surfaces of the housing as
shown in Figure 9. The model was discretized using an eight-node linear brick element
with reduced integration and hourglass control. The default mesh size was set to 0.4 mm
and depending on parameters there are about 64,000 elements.
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Figure 9. Discretization of the model and boundary conditions.

This geometric configuration is parameterized, and we will seek the optimal point
within this design space. The constraints on the design parameters are as follows:

P = {P1, P2, P3 | P1 ∈ (1 mm, 3 mm), P2 ∈ (1 mm, 3 mm), P3 ∈ (1 mm, 3 mm)} (12)

The model assumes an elastic–plastic material model, with damage initiation and damage
evolution criterion dependent of stress triaxiality. Simplified in a homogenized form the
PA6-GF30 short fiber reinforcement material was described with density = 1350 kg

m3 , Young
Modulus = 9.1 GPa, and Poisson’s ratio = 0.34. The damage initiation criterion was presented
with the following configuration, with linear damage evolution set at 0.1 mm. Fracture locus is
defined in the Table 1.

Table 1. Parameters of the damage initiation material.

Fracture Strain [mm/mm] Stress Triaxiality Factor

1.014 −0.33
0.014 0
0.014 0.33

True plastic stress strain is defined in the following table (Table 2).

Table 2. Plasticity parameters.

Yield Stress [MPa] Plastic Strain [mm/mm]

99 0
175 0.01459
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The test scenario involves two drops in the same direction from two different heights,
corresponding to free-fall velocities v (10.3 m

s and 16.5 m
s ) which was calculated from the

transformation of free-fall equation as follows:

v =
√

2gh (13)

where g is the gravity acceleration, and h is the height of the freefall drop.
It is essential to emphasize that any deterministic scenario can be implemented in this

analysis, including multiple repetitions, various directions, and varying heights.
The parameters (QEA) are as follows: number of individuals—30; number of qubits

per design variable—6. Changes in the objective function value and design variables for
chosen optimization problems are shown in Figure 10.
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The points visited in design space during optimization are shown in Figure 11. The
filtered graph shows solutions with an objective function value below 0.5.

Batteries 2024, 10, x FOR PEER REVIEW 11 of 14 
 

The test scenario involves two drops in the same direction from two different heights, 
corresponding to free-fall velocities 𝑣  (10.3 ୫ୱ    and 16.5 ୫ୱ  ) which was calculated from 
the transformation of free-fall equation as follows: 𝑣 =  ඥ2𝑔ℎ (13)

where 𝑔 is the gravity acceleration, and ℎ is the height of the freefall drop. 
It is essential to emphasize that any deterministic scenario can be implemented in 

this analysis, including multiple repetitions, various directions, and varying heights. 
The parameters (QEA) are as follows: number of individuals—30; number of qubits 

per design variable—6. Changes in the objective function value and design variables for 
chosen optimization problems are shown in Figure 10. 

  
(a) (b) 

Figure 10. (a) Objective function in function of iteration number; (b) design variables values in func-
tion of iteration number. 

The points visited in design space during optimization are shown in Figure 11. The 
filtered graph shows solutions with an objective function value below 0.5. 

  
(a) (b) 

Figure 11. Charts of the distribution of the objective function in design space during QEA optimi-
zation with (a) all points analyzed points in design space and (b) filtered points for the objective 
function below 0.5. 

A representative sample with parameters 𝑃ଵ =  2.89553, 𝑃ଶ =  2.99335, 𝑃ଷ = 1.25013 , which sustained significant damage, is depicted in Figure 12 on the map of 
equivalent plastic strain after the second drop. One can observe the rupture of the ribs and 
the propagation of the cracks. In this case, 591 finite elements were removed. 

Figure 11. Charts of the distribution of the objective function in design space during QEA optimization
with (a) all points analyzed points in design space and (b) filtered points for the objective function
below 0.5.

A representative sample with parameters P1 = 2.89553, P2 = 2.99335, P3 = 1.25013,
which sustained significant damage, is depicted in Figure 12 on the map of equivalent
plastic strain after the second drop. One can observe the rupture of the ribs and the
propagation of the cracks. In this case, 591 finite elements were removed.
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4. Conclusions

This study highlights the effectiveness of the Quantum-Inspired Evolutionary Algo-
rithm (QEA) in optimizing the structural design of lithium-ion battery housings subjected
to multiple-drop tests. This research has successfully demonstrated how the QEA can be
used to meet the specific needs of battery safety improvements, presenting its potential
to significantly reduce damage from mechanical impacts, which are common in everyday
use scenarios.

The authors findings show that the QEA not only identifies robust designs that with-
stand multiple impacts but also optimizes the design parameters to increase the safety and
durability of lithium-ion batteries.
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Moreover, the integration of QEA with the finite element method (FEM) simulations
presents a significant advancement in battery housing design. This combined approach
allows for a better understanding of how different design modifications affect the structural
integrity of battery housings under real-world impact conditions.

Additionally, this research introduces an automated algorithm developed to let in-
tegration of QEA with FEM simulations for battery housing designs. The automation
algorithm significantly improves the iterative design evaluation process by automatically
setting up, running and analyzing the results of multiple drop tests. This automation
is crucial in fast cycling through design iterations, allowing engineers to quickly con-
verge on optimal solutions without the manual work traditionally associated with such
comprehensive simulations.

The algorithm not only applies QEA for initial design optimization but also manages
the data flow between successive drop tests, ensuring that the results from one test inform
the setup of the next. This continuity is vital for accurately simulating the cumulative
damage from multiple impacts, a scenario that closely mimics real-world use of batteries. By
maintaining a dynamic link between simulation phases, the automated system effectively
captures the progressive nature of damage under repeated mechanical stress, which is often
overlooked in less advanced testing methodologies.

These advanced computational tools allow us to design battery housings that are much
more resistant to damage from drops and impacts, which are common during everyday
use. By ensuring that battery housings can withstand such stresses, we significantly
reduce the risk of battery failure, including dangerous scenarios such as thermal runaway.
This not only extends the life of the batteries but also ensures that they operate safely
under various conditions, providing a significant benefit in terms of consumer safety and
product reliability.
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