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Auxetic cementitious cellular composites (ACCCs) offer high deformability that is attractive for mechanical
energy harvesting when integrated with flexible piezoelectric materials. However, the intrinsic brittleness of
cement-based materials and the complex coupling between auxetic geometry and damage evolution hinder the
efficient design of ACCC energy harvesters. This study proposes a novel learning-driven design framework that,
for the first time, integrates a physics-based energy harvesting model with Bayesian Optimization (BO) to directly
optimize the recoverable hinge-like strain capacity of ACCCs for enhanced electrical output. The optimization
maximizes the voltage generated by piezoelectric materials bonded at hinge regions, while using constraints to
prevent splitting failure and non-auxetic behavior under compression. The energy harvesting model combines
the concrete damage plasticity (CDP) model for pre-compression damage with a secondary elastic model for
cyclic loading, enabling prediction of recoverable strain in generalized ACCC geometries. The learning-driven
approach proved far more efficient than random generation in identifying optimal ACCC configurations.
Experimental validation of the optimized design achieved a peak-to-peak voltage of nearly 15.0 V per cycle,
about 2.7 times higher than a reference design. This study provides a learning-driven approach to designing
enhanced compliant auxetic cementitious energy harvesters for smart infrastructure applications.

1. Introduction large tensile strains [9-12]. This development also facilitates the crea-

tion of cementitious materials with complex internal structures, known

The use of fossil fuels for energy results in greenhouse gas emissions
that accelerate global warming. Instead, renewable sources of energy
offer a widespread and sustainable means of generating electrical en-
ergy. The renewable energy from environment sources can be harnessed
effectively through the utilization of energy harvesting materials [1-5].
Piezoelectric materials are particularly effective at efficiently capturing
small mechanical energies from the environment, such as human mo-
tion, vehicle vibrations, wind, and water flow. Cement-based concrete is
one of the most widely used materials in infrastructure. These structures
are often exposed to a variety of reciprocating mechanical loadings, such
as vehicular traffic and waves [5-7]. Utilizing piezoelectricity to convert
mechanical energy from cement-based infrastructures into electrical
energy can supply power for lighting or sensor operations [6-8]. The
addition of short fibers has transformed the properties of cementitious
materials, greatly improving their tensile performance and enabling
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as Architected Cement-based Materials (ACMs) [13-16]. These ACMs
demonstrate significant potential due to their superior deformation ca-
pacity, which notably enhances energy harvesting.

Auxetic cementitious cellular composites (ACCCs) exhibit
outstanding mechanical performance, including high deformation ca-
pacity and enhanced energy dissipation [17-26]. Under uniaxial
compression, these materials display a negative Poisson’s ratio (i.e.,
auxetic behavior). Within the auxetic deformation range, ACCCs can
sustain substantial strains and show a degree of recoverable pseudo-
elastic deformation upon unloading [18-20,22,27,28]. This unique
characteristic has enabled exploratory applications such as energy har-
vesting through the integration of piezoelectric components within
ACCCs [19]. However, a systematic design approach to modulate the
recoverable deformation in ACCCs for optimal energy harvesting is
essential for its application across various fields. To date, the use of
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Fig. 1. Specimen fabrication of the ACCC energy harvester: (1) geometric design using active learning, (2) 3D-printed polymeric shape as a negative mold, (3)
silicone rubber mold created from the 3D-printed shape, (4) casting cementitious material into the silicone mold, demolding the specimen, and bonding PVDF to

fabricate the ACCC energy harvester.

auxetic materials as substrates for integrating piezoelectric components
has remained limited to metallic and polymeric systems [29,30].
Recently, embedding 3D-printed polymeric auxetic reinforcement
structures or other complex architected structures in cementitious
mortar has increased compressive ductility, yet their recoverable
deformation continues to be limited [31-39].

Unlike traditional cementitious cubes, ACCCs have complex shapes
that are highly sensitive to form changes. Modifying their geometry can
increase their vulnerability to damage and failure under load. Hence,
optimizing their geometry for multifunctional applications poses sig-
nificant challenges. Designing the intricate structure of ACCCs has so far
been dependent on experimental trial-and-error methods. However, the
complexity of preparing ACCC specimens, the extended curing period,
and the uncertainties introduced by the heterogeneity of cementitious
materials and manual casting make large-scale experimental trials both
time-consuming and exhausting. Hence, modelling is essential for opti-
mizing the performance of ACCCs. Deep learning (DL) methods have
recently been explored for material design [40-45]. However, DL
models generally require millions of samples or cost-function evalua-
tions. In the case of cementitious materials, each sample—whether ob-
tained experimentally or through finite element simulations—is
computationally expensive, and evaluating the associated black-box
function further increases the cost [43,44,46,47]. As a result, produc-
ing the large datasets needed for DL is not feasible, making these ap-
proaches impractical for this application.

Recently, BO has emerged as a sample-efficient and adaptive opti-
mization method that effectively navigates large design spaces, which
are challenging for traditional approaches (such as Design of Experi-
ments (DOE)-based statistical methods [48,49], genetic algorithm
[50-52]). It guides a limited number of numerical models toward highly
probable optimal results while generating surrogate models that
describe the properties of interest based on the design variables [53-58].
Bayesian approach has been employed to optimize mechanical

properties of lattice configurations made from polymeric materials
[59,60]. However, no research has used BO in any ACMs, including
ACCCs, to date. ACCC models face challenges in modelling for dataset
creation and optimization. These challenges stem from the brittleness of
cementitious matrix, as well as complex topologies and contact bound-
ary conditions.

This study introduces a learning-driven computational framework to
achieve optimial design for ACCC energy harvesters. The framework
integrates an energy harvesting model with BO to maximize the recov-
erable strain in ACCCs, thereby enhancing the output voltage of piezo-
electric materials bonded to the hinge-like ligament region. Constraints
are applied to eliminate designs that exhibit splitting or non-auxetic
behavior under compression during BO process. The optimized shape
was experimentally tested for output voltage. Geometric and mechanical
evolution during BO iterations were further investigated, offering in-
sights for high-performance design of ACCC energy harvesters.

2. Experiments

2.1. Materials and specimen preparation

The fabrication of ACCCs followed the “indirect printing” process
[17], as shown in Fig. 1. First, a unit cell with specific dimensions was
designed and produced using Fused Deposition Modeling (FDM) with a
3D printer (Ultimaker S5). ABS was selected as the printing material.
The printed ABS structures were then placed inside a cardboard box.
Next, a two-component silicone rubber, Poly-Sil PS 8510, was mixed in a
1:1 mass ratio and poured into the box. The silicone rubber was left to
cure at room temperature for at least one hour until it hardened. Once
solidified, the silicone rubber was removed from the box to be used as a
mold for casting the cementitious materials. Herein, 8510 silicone rub-
ber, with a Shore hardness of 10 A, provides adequate stiffness for use as
a mold while maintaining the flexibility needed for easy demolding. The
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Fig. 2. An overview of the proposed computational BO-FEM active learning framework, (a) the BO algorithm interactively queries the FEM to propose new design
with high potential to enhance the objective function, (b) the CDP model in ABAQUS was utilized for pre-compression in each BO loop, interacting with the BO agent
Spyder, (c) the second-elasticity model in ABAQUS was utilized for cyclic loading in each BO loop, interacting with the BO agent Spyder, (d) the average strain &, of
the cementitious material bonded to the PVDF film is calculated as the objective function to maximize the voltage output based on piezoelectric formulations.

mix design, processing, and additional sample preparation details of the
cementitious materials are provided in Supplementary Section 1.

A piezoelectric film, Polyvinylidene Difluoride (PVDF), was bonded
around the ligament region of the central elliptical hole in the specimen
using silicone rubber (Poly-Sil PS8540) and allowed to cure for at least
12 h until fully hardened. This is because 8540 silicone rubber, with a
Shore hardness of 40 A, provides good bond strength. The LDT0-028 K
PVDF film measures 24.81 mm x 13.21 mm with a total thickness of 0.2
mm, which includes a protective layer designed to prevent surface
oxidation of the silver ink electrode area [7,61,62]. The piezoelectric
layer within the PVDF film has a thickness of 28 pm. To reduce strain
transfer loss from the bonded ligament area to the PVDF during pre-
compression, the PVDF film was bonded to the ligament region after
precompression. The bonding was performed when the silicone rubber
(Poly-Sil PS8540) had lost its fluidity and exhibited strong adhesive

properties, approximately one hour after mixing its components A and B.
2.2. Experimental setup

Material properties were characterized through uniaxial tensile and
compression tests (see Supplementary Section 2). Cyclic testing of the
energy harvester was conducted using an MTS fatigue machine with a 10
kN capacity. The harvester’s DC output voltage was measured with a
Keysight 34,461 A digital multimeter (DMM). Two wires connected the
PVDF to the multimeter, and a plastic film reduced friction between the
loading plate and the specimen. To mitigate slight horizontal movement
caused by uneven deformation and asymmetrical cracks in the cemen-
titious materials during cyclic tests, tape was applied to the edges of the
bottom loading plate. The energy harvesting test setup and loading plan
for the ACCC energy harvester are shown in Supplementary Section 3.
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Fig. 3. Parameterization of ACCCs with constraints. (a) geometric parameterization of ACCCs, (b) ACCCs shape with identical ligaments, (c) ACCCs shape with larger
dgy, (d) ACCCs shape with smaller dg,, (e) splitting case identified by plastic strain in detection region, (f) four randomly generated samples with different Poisson’s
ratios, (g-i) results of random generation: objective values (g), stress—strain curves (h), Poisson’s ratio (i).

3. Learning-driven computational framework for optimization

A learning-driven framework was developed by utilizing the inter-
action between a FEM-based energy harvesting model and BO to opti-
mize hinge-like recoverable strain capacity in ACCCs. This strain
capacity optimization maximizes the output voltage of piezoelectric
materials bonded to the hinge-like ligament region, according to the
piezoelectric model described in Supplementary Section 4. The technical

workflow of the BO-FEM framework is illustrated in Fig. 2a. Using the
initial sample data, a new geometric parameterization of ACCCs with the
highest probability for improving the objective value is (i) selected by
BO, (ii) its geometry is generated, (iii) its objective value (i.e., recov-
erable strain ) is calculated using FEM, and (iv) Gaussian probabi-
listic models of the quantity of interest (€iy) are updated after each
evaluation considering the constraints. This iterative process continues
until convergence is reached, where no significant improvement is



J. Xie et al.

observed in the best objective value. During the optimization process,
the current best objective value, geometric parameters, and mechanical
performance (including Poisson’s ratio and the stress-strain curve) are
recorded. Fig. 3a shows the geometric parameterization of elliptical-
shaped ACCCs for a sample point (i.e., X; = (li, aoi, boi, a1i, b1i)). The
central hole is considered to potentially differ from the surrounding
holes in the unit cell. The initial step involves assuming that the central
hole has the same size as the surrounding holes in the unit cell (see
Fig. 3b). This special case is followed by adjustments to the dimensions
of the central hole. Considering the limited space for casting cementi-
tious materials that include fibers, the minimum specified value for the
ligament Ign;, is set at 3.5 mm.

In each BO-FEM loop, the energy harvesting model of ACCCs com-
prises two phases: preloading and cyclic loading. In the pre-compression
phase, the CDP model quantifies ACCCs' mechanical behavior [8], as
shown in Fig. 2b. See more details in Supplementary Section 2 for the
calibration of the CDP model. ACCCs display recoverable pseudo-elastic
deformation after compressive unloading in cyclic tests, attempting to
return to their original shape despite minor plastic deformation [17-20].
However, due to its limitations, the CDP model encounters difficulties in
simulating the recoverable deformation elasticity during cyclic loading.
To address this, a second-elasticity model (Fig. 2c) was utilized instead.
This model captures the recoverable deformation elasticity by repre-
senting the unit cell’s overall elastic behavior with an equivalent
structural elastic modulus during cyclic loading [19]. For transition
between models, the ACCCs' deformed shape at a specified loading
displacement (calculated by the CDP model) is set as the initial geometry
for the second-elasticity model by using an improved node-order-track
algorithm for ACCC shape topology reconstruction (see Supplementary
Section 5). The FEM model was implemented in the ABAQUS and con-
nected via a developed interface to Spyder, where BO optimization was
executed. As seen in Fig. 2d, the average strain &;,, of the cementitious
material bonded to the PVDF film is treated as our objective function to
simplify the representation of the output voltage. To calculate &;,¢, 80%
of the bottom region of the internal profile in each ACCCs shape was
designated as the bonding area through node editing algorithm
(Supplementary Section 6). In this study, &, is employed as a compar-
ative surrogate metric within the optimization framework rather than as
a direct predictor of absolute voltage output. In practice, mechanisms
such as adhesive debonding, imperfect strain transfer, cementitious
crack-path variability, and cementitious material heterogeneity may
partially decouple &, from the measured piezoelectric response.
Accordingly, €, is used to rank relative performance trends within the
explored design space, while absolute voltage levels remain influenced
by interfacial and material factors beyond the present modeling scope.
Further work will aim to better quantify this relationship through
expanded multiphysics modeling and experimental validation.

For each generated shape, the applied displacement in the CDP
model was only considered up to the smaller value between by and b;.
Therefore, the contact between the top and bottom ends of the central
elliptical hole (i.e., self-contact within this hole) is not considered, nor is
the contact at the side joints in the section due to rotation. This is
because ACCCs tend to split when these contacts occur, as their negative
Poisson's ratio decreases under compression. Previous experiments
revealed that when the compressive displacement approaches half the
size of the compressible hole, the ligament accumulates significant
plastic deformation and damage, leading to a further reduction in
recoverable deformation [20]. For smaller ligaments, this poses a higher
risk of failure. Therefore, the deformation shape after a compressive
displacement equal to one-quarter of the hole size (i.e., half of the
smaller value between by and b;.) was uniformly selected as the initial
geometry for each candidate in the secondary elastic model. In the
second elastic model, the applied displacement amplitude for each shape
is set to 10% of the smaller value between bg and b;.

The geometric parameter dg, in Eq. (1), representing the degree of
structural chirality, was introduced to characterize the splitting

Materials & Design 264 (2026) 115745

behavior of ACCCs. As illustrated in Fig. 3c, a higher dg, increases the
lateral distance between the side joints and middle joints. This adjust-
ment reduces the compressive force (highlighted by the green arrow in
Fig. 3d) required to create the moment necessary for ligament plastic
deformation and subsequent section rotation, thereby promoting the
development of a negative Poisson's ratio effect. Conversely, the ACCCs
shape depicted in Fig. 3d is less conducive to auxetic behavior and is
prone to splitting due to the increased compressive force exerted on the
joints.

dsp =a; — (bo + lgO) (1)

The input geometric parameter was restricted to a specific size range,
with intra-point constraints applied to these input-dependent geometric
parameters, as detailed in Supplementary Section 7. Additionally,
output constraints (black box constraints) were applied to eliminate
cases of splitting failure (Removed case (i) in Fig. 3e) and non-auxetic
behavior (Removed case (ii)) under compression, as these are unsuit-
able for energy harvesting. This was imposed on the objective value of
each individual candidate by multiplying it by zero in two specific cases
that needed to be removed. The multiplier applied to the objective value
was determined through trial and errors, allowing the BO process to
avoid these points without hindering the exploration of candidate points
by the acquisition function. Experimental details can be found in Sup-
plementary Section 8 for the splitting behavior in Removed case (i). To
better illustrate Removed Case (ii), Fig. 3f presents four randomly
generated ACCC candidates with different Poisson’s ratio-strain curves
under compression. It was observed that only the bottom-left subfigure
in Fig. 3f exhibits a negative Poisson’s ratio.

50 parameterizations were randomly generated, and those with non-
zero objective values were selected. Fig. 3g-i show the distribution of
these objective values and their stress—strain curves and Poisson’s ratio-
strain curves, where only 5 out of the 50 parameterizations had non-zero
objective values. This indicates the inefficiency of using randomly
generated data for optimization. This inefficiency arises from the quasi-
brittle nature of cementitious materials, as modifying the geometry of
ACCCs can increase their susceptibility to damage and splitting failure
under load. Additionally, the intricate shapes of ACCCs are highly sen-
sitive to geometric changes aimed at enhancing recoverable hinge-like
strain capacity while maintaining auxetic behavior. Furthermore,
ACCGCs initially form small cracks under compression due to the strong
fiber-bridging capacity of SHCC, requiring a refined specification of
geometric parameters. This, in turn, expands the design space and leads
to an exponential increase in computational cost. In Fig. 3g, the three
ACCC shapes designed as intuitive solutions (including the reference
Pla) are compared to the randomly generated shapes regarding their
objective values. Details of the three intuitive solution designs are pro-
vided in Supplementary Section 2.

As a sample-efficient optimization strategy, BO can identify optimal
objective values using only a small amount of initial data [55,56,59,60].
For the dataset generated through random generation, the objective
values were manually penalized instead of being directly derived from
the model results. This approach may cause challenges in identifying
non-zero acquisition function values in BO, thereby hindering the
acquisition function from effectively guiding the exploration of the
design space. Therefore, the 5 non-zero values were combined with the
three previously used parameterizations to form the initial dataset for
subsequent optimization. The optimizations were performed sequen-
tially, with a batch size of one, to maximize the performance of BO [63].
Although BO is inherently a sequential algorithm, it can be adapted to
execute multiple optimizations simultaneously, updating the surrogate
model only after all evaluations are completed [64]. While this parallel
approach can save considerable time, it typically results in less effective
optimization outcomes within a fixed number of trials. Expected
Improvement (EI) [65] was employed as the acquisition function in BO
to estimate the potential improvement over the current best observation
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at each sample point (see more details in Supplementary Section 9). It
balances exploration of design space regions with high uncertainty
(exploring new areas) and exploitation of regions with potentially high
objective function values (refining known promising areas) to guide the
selection of the next point for evaluation. Since solution quality was the
primary focus of this study, BO was conducted in a purely sequential
manner.

4. Results and discussion
4.1. Optimization results

Fig. 4 illustrates the BO process in searching for the optimal objective
value. In each iteration, a candidate is proposed by the BO acquisition
function and evaluated using the FEM to obtain its objective value, along
with the current best value throughout the optimization process
(Fig. 4a). Fig. 4b presents the objective value of each candidate evalu-
ated by FEM at every iteration. As shown in Fig. 4a, the reference shape

(Ref in Fig. 4a), Pla, exhibits a low &y of 0.008. For the randomly
generated shapes, the best configuration only reached a &, of 0.01 (Best
random shape in Fig. 4a), which is higher than the reference. In contrast,
during the BO process, the best objective value &;,, exhibited a general
trend of improvement over iterations. In the first 80 iterations, the best
objective value increases rapidly, after which it slowly improves and
eventually converges. The best shape optimized through BO at iteration
180 achieves a &, of 0.0155 (BO optimum in Fig. 4a), nearly twice the
objective value of the reference shape. Notably, the best value obtained
at iteration 180 offers only a marginal improvement over the second-
best value achieved at iteration 164 (second-best BO optimum in
Fig. 4a). In Fig. 4b, there were only six candidates where the objective
value dropped to zero due to predefined artificial constraints, indicating
violations of the criteria for non-splitting and auxetic behavior. This
further highlights the efficiency of BO compared to random generation
methods in optimization. It is worth noting that not every iteration led to
improvement, as BO balances exploiting high-performing regions with
exploring new possibilities. This is reflected in the progression of the
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strain distribution and principal strain directions during cyclic deformation.

objective value throughout the BO process in Fig. 4b. The process ach-
ieved rapid optimization during the first 100 iterations, marked by
significant fluctuations due to exploration. After 100 iterations, fluctu-
ations diminished as the focus shifted to refinement. By 200 iterations,
the best objective value remained unchanged through 500 iterations
(Fig. 4¢), indicating convergence of the optimization process and that a
near-global optimum had been attained. To ensure computational effi-
ciency, only the results from the first 200 iterations were used in the
subsequent analysis.

For each candidate design in Fig. 4d, the GP surrogate model pro-
vides a predictive mean and associated uncertainty (standard deviation),
represented by the orange curve and the grey shaded band, respectively.
The corresponding objective values obtained from FEM of the same
candidates are shown by the blue curve (corresponding to the objective
values of the candidates in Fig. 4b). The comparison between the sur-
rogate predictions and the FEM evaluations illustrates the learning
behavior of BO and the progressive refinement of the surrogate model
over successive iterations. As the iterations proceed, the discrepancy
between the GP mean prediction and the FEM evaluation becomes

smaller, and the predictive uncertainty gradually narrows, demon-
strating that the surrogate model is being refined as more data points are
incorporated. The FEM curve and the BO mean curve show increasingly
consistent trends after approximately 100 iterations, suggesting
improved surrogate accuracy and stability. Overall, the progressive
convergence behavior of BO demonstrates that GP effectively models the
objective function and, with the support of EI, identifies candidates with
near-optimal objective values. These fluctuations in the GP are a natural
consequence of BO, which explores promising regions with high pre-
dictive uncertainty to identify the optimal solution, occasionally leading
to temporary variations in predictive performance as new informative
samples are incorporated across iterations. Additionally, the complexity
of the energy harvesting model and predefined artificial constraints may
contribute to variability. Overall, the GP surrogate model maintains
strong predictive performance throughout the optimization, as further
detailed in Supplementary Section 10. Fig. 4e further illustrates the
evolution of the EI acquisition function over the optimization iterations.
Higher EI values appear mainly in the early stages, promoting explora-
tion of the design space. As the optimization converges, EI gradually
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decreases, reflecting reduced uncertainty and a shift toward exploitation
near the optimal region. A near-zero EI at later stages indicates that the
optimization process has effectively converged. During the search for
the optimum, BO actively explores promising regions with high pre-
dictive uncertainty in the GP surrogate through the acquisition function,
which leads to pronounced EI fluctuations (Fig. 4e). Some of the
sampled candidates, however, have FEM-evaluated objective values of
zero, due to predefined artificial constraints.

The dimensions of the five design variables (Fig. 4f) exhibit relatively
rapid fluctuations during nearly the first 50 iterations. These are fol-
lowed by smaller fluctuations as the values gradually stabilize near their
optimal levels. It is evident that ap > aj, bg > b;. This progression in-
dicates that the elliptical hole shape gradually transitions toward a
circular form, with an increase in the lateral distance (by) between the
two side joints in contact with the loading plate. As by increases, a higher
compressive load is required to achieve the same moment necessary for
the ligaments to undergo plastic deformation and result in section
rotation, assuming the constitutive materials have identical tensile
strength. At the same time, the increased frictional force at the loading
joints induces greater tensile force in the ligaments, as dictated by force
equilibrium. This, in turn, leads to the formation of larger cracks in the
ligaments, ultimately contributing to a higher objective value.

In Fig. 4g, both the side and middle joint sizes increase with signif-
icant fluctuations during nearly the first 100 iterations before stabilizing
with diminished variations. This occurs because larger joints produce
greater crack openings at the same rotation angle and increase
compressive force due to higher bending resistance, which, in turn,
raises frictional force at the loading joints and induces greater tensile
force in the ligaments. In Fig. 4h, the aspect ratios of both the side ellipse
and central ellipse (denoted in Fig. 3) keep decreasing in the initial 50
iterations with significant fluctuations and stabilize after 50 iterations
with decreasing fluctuations. This trend also indicates that the elliptical
hole shape gradually transitions into a circular form, causing more
pronounced cracking in the ligaments, as explained in Fig. 4f. In Fig. 4i,
the hole areas show significant fluctuations in the early iterations, fol-
lowed by a slight decrease. Supplementary information related to Fig. 4
is presented in Supplementary Section 11. This section also includes the
critical candidates corresponding to the best-so-far objective values in
Fig. 4a, which were selected for analysis and reordered according to
their sequence in BO process. These points indicate improvements over
the previous best objective values during BO iterations.

Fig. 5 shows the mechanical performance evolution during BO iter-
ations. Fig. 5a displays the stress-strain curves of all candidates, with
critical candidates mainly clustering in the upper-middle region and
exhibiting relatively higher peak stress. This clustering occurs because
lower curves with reduced peak stress are associated with smaller joint
sizes, higher hole aspect ratios, and lower relative densities, which limit
the formation of large crack regions to improve the objective function.
As the curves shift upward with increasing peak stress, larger cracks
develop at the ligaments. However, excessive ligament size eventually
leads to splitting behavior, which BO mitigates using penalty con-
straints. Fig. 5b shows the stress—strain curves of the best-so-far (critical)
candidates, with color intensity indicating iteration progress. As itera-
tions advance, the curves move upward (from lighter to darker colors)
with increasing peak stress, reflecting larger joint sizes, reduced hole
aspect ratios, and higher relative densities. These changes facilitate
greater crack formation in the ligaments, improving the objective
function. However, the optimized curve is not the one with the highest
peak stress (solid line in Fig. 5b), suggesting that additional factors in-
fluence the objective function. Fig. 5c illustrates the variation in Pois-
son's ratio during compression for all candidates, with the critical
candidates mainly clustering in the middle region. Fig. 5d shows the
Poisson's ratio variation for these critical candidates, with color intensity
indicating iteration progress. As iterations advance, the curves shift
upward (from lighter to darker colors), reflecting a lower absolute value
of negative Poisson’s ratio, which suggests larger joint sizes, reduced
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hole aspect ratios, and higher relative densities. These changes also
facilitate greater crack formation in the ligaments and thus improve the
objective function. However, the optimized curve does not correspond
to the one with the lowest absolute value of negative Poisson’s ratio
(solid line in Fig. 5d), indicating the influence of additional factors on
the objective function. Furthermore, the magnitude of negative Pois-
son’s ratio (denoted as Maximum NPR in Fig. 5e) shows a slight decrease
with some fluctuation due to the balance between exploration and
exploitation during BO iterations. In Fig. 5f, the relative density of the
critical candidates continues to increase, with some minor fluctuations.
Correspondingly, the reduction in hole area in Fig. 4i indicates an in-
crease in material volume (i.e., higher relative density), resulting in
larger joint sizes and more pronounced cracking. This benefits the
objective function if non-splitting and auxetic behavior are maintained.

Similarly, as dg, decreases, the structural chirality diminishes. This
reduction requires the ligaments (illustrated in Fig. 3) to withstand
higher externally applied compressive stress to achieve section rotation,
leading to the development of larger cracks in the ligaments. The
parameter dg, decreases over iterations in Fig. 5g, although with some
fluctuations, but finally tend to be fluctuate around zero where the op-
timum point is located. When dj, is negative, that means vertical liga-
ments are subjected to more compressive force, which may result in
local compressive failure locally and further develops to splitting failure.
However, this progression eventually results in a condition closer to
splitting failure, causing the objective value to drop to zero due to the
constraints imposed by BO. Therefore, BO seeks to avoid this situation
and focuses on identifying points that fluctuate around a zero value for
dy to find the optimal solution. The condition dgsp > 0 is not imposed as
an explicit constraint in the optimization. Instead, splitting failure is
indirectly penalized by monitoring the plastic strain within the central
detection region. The convergence of ds, toward values near zero
therefore reflects its physical correlation with compressive splitting
behavior rather than boundary saturation of a prescribed constraint. In
this context, ds, may be interpreted as an emergent indicator associated
with failure, rather than a directly constrained design variable. While
the results suggest that avoiding negative ds, may help mitigate splitting
failure within the explored design space, detailed mechanical mecha-
nisms linking structural chirality, dsp, and failure evolution need further
investigation.

Furthermore, Fig. 5h shows the CDP model of the optimized candi-
date (BO optimum in Fig. 4a), which demonstrates a larger plastic strain
and a more extensive plastic zone in its deformed shape under
compression compared to the reference in Fig. S7. In Fig. 5i, the optimal
design exhibits greater elastic strain and a more extensive tensile zone
near the ligaments at the peak point of €, during cyclic loading in the
second elasticity model, compared to the reference in Fig. S7. The
highest elastic strain is concentrated at the middle joints, with tensile
strain indicated in the strain direction. In Fig. 5i, &y, exhibits a sinu-
soidal curve during cyclic loading, with a peak value of 0.0155. Sup-
plementary information related to Fig. 5 is presented in Supplementary
Section 11.

The BO results indicate that the electromechanical performance of
ACCC-based energy harvesters is governed by coupled geometric effects
rather than monotonic variation of any single parameter. To mitigate
splitting failure, the splitting-related parameter dg, requires careful
consideration. Within the investigated parameter range, decreasing dsp
is associated with reduced structural chirality, weakened auxeticity, and
increased ligament cracking, which may increase the likelihood of
splitting under compression. In addition, moderately reducing joint size,
increasing the hole aspect ratio, and decreasing the relative density can
further mitigate splitting risk, particularly when fiber-bridging capacity
is limited. Once splitting failure is effectively suppressed and auxetic
behavior is preserved, the energy harvesting performance can be
enhanced through controlled geometric tuning. Specifically, moderately
decreasing dp, increasing joint size, reducing the hole aspect ratio, and
increasing relative density promote stable hinge-like deformation and



J. Xie et al. Materials & Design 264 (2026) 115745

b [ e shape |

a

PVDF
CDP
model
Loading
PVDF bonded g plate

with silicone
rubber

: Plastic

|
| >20 BO optimum| [ aimm Firid| Second ‘
'3 o — C elasticity model
1218 150 N R T s |Straindistribution| Elastic
| g > strain
=10 S :
(= o g1
| E 5 s,
4
12 >
0
| // Ref BO optimum 0 2 4 6 8 10
Timels
A Strain

%1073 direction

I
0.0 o s
3 8 3 f
3 0.04 S ]
e s 8 i3
5 B = e
n & i

Fig. 6. Experimental validation, (a) sample preparation and energy harvesting test setup of optimized ACCC shape, (b) CDP model of optimized ACCC shape, (c) €inc
of optimized ACCC shape and its second elasticity model, (d) Output voltage of optimized ACCC shape during energy harvesting test (error bars represent the
standard deviation, and orange markers denote results from individual tests, illustrating data scatter), (e) stress—strain curve of optimized ACCC shape during energy
harvesting test, (f) potential applications of the energy harvester. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)



J. Xie et al.

more effective strain transfer to the bonded piezoelectric layers, thereby
increasing voltage output. However, a fundamental trade-off exists be-
tween structural robustness and electromechanical efficiency, as geo-
metric modifications that improve electrical output may simultaneously
elevate splitting risk if auxeticity is weakened. Therefore, optimal design
requires balancing splitting resistance, auxetic response retention, and
strain transfer efficiency, and should be validated through combined
numerical and experimental approaches.

4.2. Experimental validation

Considering the PVDF size and the solder pin length, the second-best
shape from BO (“BO Optimum (Second Best Value)” in Fig. 4a) was
chosen for experimental validation, as shown in Fig. 6. This shape has a
€int of 0.0154, very closely matching the 0.0155 of the best shape (BO
optimum in Fig. 4a). Fig. 6a depicts its manufacturing process and the
energy harvesting experimental setup for the optimized shape. Fig. 6b
displays the CDP model of the optimized shape, which demonstrates
similar plastic strain and plastic zone characteristics in its deformed
state under compression, comparable to those of the best shape (“BO
Optimum” in Fig. 4a). Fig. 6¢ also shows similar elastic strain distribu-
tion and strain direction for its deformed shape at the peak point of &,
during cyclic loading in the second elasticity model. The highest tensile
elastic strain, concentrated at the middle joints, follows a sinusoidal
pattern during cyclic loading, with a peak value of 0.0154.

During energy harvesting test, the second-best shape is initially
compressed by displacement loading, starting from zero and increasing
to U (8.0 mm), resulting in a deformed specimen height of nearly 59 mm.
Considering the thickness of the silicon rubber layer, further compres-
sion could cause contact between the upper and lower ends of holes.
Subsequently, cyclic loading is applied under displacement control,
utilizing a sinusoidal wave with a constant amplitude A (1 mm) and a
frequency f (1 Hz). The energy harvesting test results of ACCCs for the
second-best shape based on three replicate specimens are presented in
Fig. 6d and Supplementary Movie 1. This depicts a sinusoidal output
voltage with a peak-to-peak value of 14.8 &+ 0.8 V per cycle of cyclic
loading (mean + standard deviation), showcasing nearly 2.7 times
higher than the reference shape (P1a). Details of the energy harvesting
results of the reference one are provided in Supplementary Section 3.
Fig. 6e presents the dynamic stress—strain curve of the second-best shape
obtained from three replicate specimens during the energy harvesting
test, with a peak stress of 0.0677 + 0.0060 MPa (mean =+ standard de-
viation). Additional comparisons between optimized ACCC shapes and
the reference are provided in Supplementary Section 12. The experi-
mental validation is limited to a comparison between the optimized
geometries and the reference geometry. Accordingly, the experimental
evidence supports a comparative assessment within this specific subset
of designs rather than a comprehensive generalization across the entire
design space. Future studies will include experimental validation of
additional geometries spanning wider ranges of structural parameters to
further examine the robustness and generalizability of the proposed
framework.

Fig. 6f illustrates potential applications of ACCC energy harvesters
for powering smart infrastructure systems. For example, ACCC energy
harvesters could be embedded in speed humps to capture energy from
vehicle-induced impacts, or deployed in coastal areas to harvest kinetic
energy from ocean wave loading. However, infrastructure-scale
deployment of such systems remains conditional and will require care-
ful consideration of the limitations identified in the present study. In
particular, fatigue resistance under repeated loading, long-term me-
chanical durability, and circuit load matching were not systematically
evaluated here. Therefore, further investigation is necessary to validate
long-term reliability and practical feasibility before large-scale imple-
mentation can be realized, as discussed in the Conclusions and Supple-
mentary Section 13.
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5. Conclusions

This study introduces a learning-driven computational framework to
achieve optimial design for ACCC energy harvesters. The optimized re-
sults were validated through energy harvesting experiments, demon-
strating a peak-to-peak value of approximately 15 V per cycle of cyclic
loading, showcasing nearly 2.7 times higher than the reference.
Compared to random generation methods, the BO approach significantly
enhances optimization efficiency by balancing exploration and exploi-
tation to improve the recoverable hinge-like strain capacity in ACCC
energy harvesters. Furthermore, the learning-driven framework proac-
tively identifies and eliminates cases exhibiting splitting or non-auxetic
behavior, further refining the optimization outcomes.

As BO iterations progress to enhance the recoverable hinge-like
strain capacity in ACCCs, the joint size increases, the aspect ratio de-
creases, and the relative densities rise. However, some fluctuations
occur due to the exploration phase of BO. These structural modifica-
tions, within a specific range, lead to greater crack formation in the
ligaments while maintaining non-splitting and auxetic behavior, ulti-
mately improving the objective function for higher recoverable hinge-
like strain capacity. The increased recoverable strain enhances strain
transfer to the bonded PVDF film, thereby improving the output voltage.
Additionally, as BO iterations continue, the value of dg, decreases,
resulting in reduced chirality and increased ligament cracking, eventu-
ally stabilizing around zero. These findings suggest that avoiding
negative dsp values may help mitigate splitting failure in practical geo-
metric design of ACCCs. Furthermore, as BO advances, the stress—strain
curves shift upward, showing higher peak stress, while the absolute
value of the negative Poisson’s ratio decreases. These adjustments,
within a controlled range, encourage ligament crack formation while
preserving non-splitting and auxetic characteristics, thereby enhancing
the recoverable hinge-like strain capacity and energy harvesting
performance.

This framework can be further extended for the inverse design of
ACCC energy harvesters in various engineering scenarios (Fig. 6f),
tailored to specific properties such as specimen sizes, load capacities,
and dimensions of the bonded piezoelectric material. The piezoelectric
film is bonded to the cementitious matrix using silicone rubber, which
serves as an adhesive layer to facilitate strain transfer. However, some
strain loss occurs due to larger cracks in the ligaments and partial
debonding between the PVDF and silicone rubber. To improve strain
transfer from the ligaments to the PVDF, a stronger adhesive material
with higher bond strength could be considered in the future study. Fa-
tigue testing will also be further explored in subsequent investigations.
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