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ABSTRACT: This study introduces a hybrid Cuckoo Search-Deep Neural Network (CS-DNN) model for uncertainty
quantification and composition optimization of Na;;;Bi;;,TiO; (NBT)-based dielectric energy storage ceramics.
Addressing the limitations of traditional ferroelectric materials—such as hysteresis loss and low breakdown strength
under high electric fields—we fabricate (1 — x)NBBT8-xBMT solid solutions via chemical modification and system-
atically investigate their temperature stability and composition-dependent energy storage performance through XRD,
SEM, and electrical characterization. The key innovation lies in integrating the CS metaheuristic algorithm with a
DNN, overcoming local minima in training and establishing a robust composition-property prediction framework. Our
model accurately predicts room-temperature dielectric constant (e,), maximum dielectric constant (&u,y), dielectric
loss (tan §), discharge energy density (W,,.), and charge-discharge efficiency (#) from compositional inputs. A Monte
Carlo-based uncertainty quantification framework, combined with the 3¢ statistical criterion, demonstrates that CS-
DNN outperforms conventional DNN models in three critical aspects: Higher prediction accuracy (R? = 0.9717 vs.
0.9382 for &,,,x); Tighter error distribution, satisfying the 99.7% confidence interval under the 30 principle; Enhanced
robustness, maintaining stable predictions across a 25% composition span in generalization tests. While the model’s
generalization is constrained by both the limited experimental dataset (n = 45) and the underlying assumptions of MC-
based data augmentation, the CS-DNN framework establishes a machine learning-guided paradigm for accelerated
discovery of high-temperature dielectric capacitors through its unique capability in quantifying composition-level
energy storage uncertainties.

KEYWORDS: Cuckoo search; deep neural network; ferroelectric ceramics; dielectric energy storage; uncertainty
analysis; monte Carlo simulation

1 Introduction

Capacitors, as indispensable energy storage components, play a crucial role in modern electrical
and electronic systems. They are widely employed in power conditioning circuits, pulse power devices,
hybrid/electric vehicles, aerospace power systems, and next-generation energy technologies. In these

@ Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits

unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2025.068351
https://www.techscience.com/doi/10.32604/cmc.2025.068351
mailto:lipei@sdu.dk

2730 Comput Mater Contin. 2025;85(2)

contexts, dielectric-material-based capacitors are especially attractive due to their extremely fast charge—
discharge response and their superior power density compared with electrochemical storage systems [1-4].
To meet the stringent demands of advanced energy systems, dielectric materials for capacitors must
simultaneously exhibit high energy density, high efficiency, and long-term stability. A high energy density
enables compact and lightweight systems, while a high charge-discharge efficiency minimizes heat loss
and improves device reliability. Furthermore, in specialized applications such as electric vehicles and
aerospace, capacitors are often exposed to elevated temperatures in the range 0o 100°C-200°C, which requires
dielectric materials to sustain stable dielectric properties and reliable energy storage performance under
harsh thermal environments.

The energy density W of dielectric materials can be expressed as W = [ EdD, where E represents the
applied electric field and D denotes the electric displacement [5-7]. Thus, high energy storage performance
requires two conditions: (i) a large polarization response, and (ii) a high dielectric breakdown strength.
Ferroelectrics, compared to conventional linear dielectrics, provide strong polarization and hence higher
energy densities, but their large hysteresis losses and relatively low breakdown strength limit recoverable
energy density (W,..) and efficiency (7). Relaxor ferroelectrics and antiferroelectrics have emerged as
promising alternatives because they combine slim hysteresis loops with high breakdown fields, but their
structural complexity makes it difficult to establish clear composition-property-performance relationships
using conventional experimental or theoretical approaches.

Progress in ferroelectric energy storage is hampered by two key challenges: (i) the multiscale physical
mechanisms governing polarization and breakdown remain unclear, and (ii) material optimization still relies
heavily on inefficient trial-and-error methods. To address these challenges, we introduce a deep neural
network (DNN) combined with Cuckoo Search (CS) for predictive modelling and optimization of dielectric
energy storage properties [8-10]. Machine learning (ML) has already demonstrated strong potential in
materials research by efficiently mapping inputs (x) such as composition and processing parameters to
outputs (Y) such as dielectric or mechanical properties [11-13]. DNNs are particularly powerful due to their
hierarchical feature learning, but they are also prone to local minima and vanishing gradients. Metaheuristic
algorithms such as CS offer robust global search capabilities that can complement DNN training, improving
convergence and prediction stability [14-16].

The integration of ML into materials research has already shown substantial benefits. Well-trained ML
models reduce experimental cost and accelerate the discovery cycle compared to conventional trial-and-
error methods. While many prior studies have coupled ML with computational databases to predict material
properties, recent advances highlight the importance of integrating ML directly with experimental workflows
for more reliable optimization of synthesis processes and faster discovery of high-performance materials
[17-21]. For instance, Liu et al. [22] applied ML models with tailored feature-construction strategies to predict
both the recoverable energy density and efficiency of BaTiO;-BiMeOs; (BT-BMO) ferroelectric ceramics,
achieving accurate prediction of complex structure—property relationships influenced by composition and
sintering conditions. Qiao and Zhu [23] employed a CS-artificial neural network (CS-ANN) model with
elemental descriptors to design high-hardness Al-Cr-Co-Fe-Ni alloys, successfully predicting the link
between processing, microstructure, and performance. In another study, Qiao et al. [24] combined ML
with finite element modelling (FEM) to optimize ceramic injection molding, demonstrating how ML-
assisted simulations can accelerate process design. He et al. [25] systematically applied regression and
classification models to identify the most relevant descriptors for predicting ferroelectricity across diverse
material systems, reducing a set of 26 potential descriptors down to three critical features. Yuan et al. further
introduced an ML-based adaptive design strategy that rapidly identified BaTiO;-based multicomponent solid
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solutions with enhanced W, and electromechanical strain, demonstrating that ML can dramatically reduce
the number of experimental iterations required for discovering high-performance compounds [26-28].

Among lead-free ferroelectrics, sodium bismuth titanate (Na;/;Bi;/»TiO3;, NBT)-based materials has
been widely investigated due to its strong room-temperature ferroelectricity [29,30]. However, NBT ceramics
suffer from large ferroelectric macro-domains, pronounced hysteresis, and low breakdown strength (E),
leading to limited energy storage efficiency and recoverable energy density. A promising strategy is to intro-
duce secondary perovskite oxides to disrupt long-range ferroelectric order. In particular, Bi(Mg; /2 Ti1,2)Os
effectively improves relaxor behavior and enhances breakdown strength when combined with NBT [31].
Through careful design of NBT-BMT solid solutions, dielectric materials can be engineered to achieve high
energy density, high efficiency, and stable temperature performance.

Building on this materials platform, we propose a Cuckoo Search-Deep Neural Network (CS-DNN)
framework for predictive modeling of ferroelectric energy storage. The CS-DNN model accurately predicts
composition-dependent trends of W, and #, while feature-importance analysis highlights the mechanistic
roles of key descriptors. Comparative studies show that CS-DNN achieves higher accuracy and stability than
conventional DNNs. By integrating experimental insights with data-driven optimization, this work provides
a methodological pathway for overcoming bottlenecks in ferroelectric energy storage and contributes to the
broader objectives of the Materials Genome Initiative.

2 Experimental Process

Ceramics with nominal compositions of (1 — x)(Naj2Bij/2)0.92Ba.0sTi05-xBi(Mg; /2 Tij2)05 ((1 —
x)NBBT-xBMT) were synthesized via a conventional solid-state reaction route, where x = 0, 0.02, 0.04, 0.06,
0.10, 0.12, 0.14, 0.20, 0.40. Analytical-grade raw materials Na,CO; (99.8%), BaCO; (99.0%), Bi, O3 (99.0%),
TiO; (98.0%) and MgO (98.5%), were weighed stoichiometrically, mixed with 100 mL of anhydrous ethanol,
and ball-milled for 12 h. The slurry was dried and calcined at 850°C for 2 h. The calcined powder was then
remixed with ethanol and subjected to a second ball-milling process for 12 h to further reduce particle size.
After drying, a 5 wt.% polyvinyl alcohol (PVA) aqueous solution was added as a binder at 10 wt.% of the
powder mass. The granulated powder was uniaxially pressed into pellets of 0.5-inch diameter. The green
compacts were heated to 800°C for 2 h to remove the binder, and the (1 — x)NBBT8-xBMT ceramic bodies
were finally sintered at 1120°C for 2 h.

The crystalline structure of the sintered ceramics was examined by X-ray diffraction (XRD, Japan
Intelligent Laboratory Diftractometer, Tokyo, Japan). Polished samples were annealed at 500°C for 1 h prior
to testing. For microstructural characterization, fractured surfaces were thermally etched at 1000°C for
1 h and observed using scanning electron microscopy (SEM, JSM-6390LA, JEOL, Japan). For dielectric and
ferroelectric measurements, the samples were ground to ~0.5 mm thickness, polished, and coated with silver
paste electrodes, followed by firing at 500°C for 30 min to ensure good electrical contact. Temperature-
dependent dielectric properties were measured with an impedance analyzer (4294A, Agilent, Santa Clara,
CA, USA) equipped with a programmable furnace. Polarization-electric field (P-E) hysteresis loops were
recorded using an improved Sawyer-Tower circuit (Polyktech PK-DIS1010K, USA).

The energy storage density of dielectric capacitors is defined as:

Pmax
W= f EdP 1)
P,

where W represents the stored energy, P denotes the polarization intensity, Py, indicates the maximum
polarization intensity, and P, represents the residual polarization intensity. The charging energy density
corresponds to the integral of the area between the charging curve and the polarization axis, while the
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discharge energy density corresponds to the integral between the discharge curve and the polarization axis
(Fig.1). Here, E stands for the electric field intensity, W, represents the charging energy density, W,
denotes the discharge energy density, and # indicates the charge-discharge efficiency.
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Figure 1: Schematic illustration of the discharge process of a dielectric ceramic capacitor

Result and Discussion

Fig. 2a presents the X-ray diffraction (XRD) patterns of (1 — x)NBBT-xBMT ceramics. All samples
exhibit a perovskite structure without detectable secondary phases [31,32]. However, at high BMT content
x = 0.8, the large incorporation of BMT disturbs the Na*/Bi’* ratio. During sintering, this imbalance
may promote the formation of related oxides, such as Bi,Os, resulting in the precipitation of impurity
phases. Fig. 2b illustrates the X-ray diffraction patterns of the pseudo-cubic {111}, and {2 0 0} peaks of (1
— x)NBBT-xBMT ceramics. The observed splitting of the {111}, and {2 0 0}, peaks suggests the coexistence
of tetragonal and trigonal structures in NBBT8 ceramics [33]. As the BMT content increases, the splitting
of the {111}, peak becomes less pronounced, indicating a transition from the coexistence of tetragonal and
trigonal phases towards a more uniform tetragonal structure. Simultaneously, both {111}, and {2 0 0}, peaks
gradually shift to lower diffraction angles, indicating an expansion of the c-axis lattice parameter.
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Figure 2: (a) X-ray diffraction pattern of (1 — x)NBBT-xBMT ceramics. (b) enlarged region of 36°-48° showing the

evolution of {111}, and {2 0 0}, peaks

Fig. 3a and b illustrates the effect of BMT modification on the dielectric properties (at 1 kHz) of (1 —
x)NBBT-xBMT ceramics under a weak electric field. Increasing BMT content reduces dielectric loss (below
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300°C), shifts the phase-transition temperature to lower values, and raises the dielectric peak temperature,
thereby broadening the stable dielectric response range from room temperature to ~300°C. Notably, the
high dielectric loss of the material at low frequencies can be significantly reduced by incorporating a specific
amount of bismuth at the A-site while doping magnesium at the B-site cation. This approach compensates
for the low valence state of magnesium and mitigates the formation of oxygen vacancies. These charac-
teristics suggest that BMT-modified NBBT8 ceramics possess considerable potential for high-temperature
dielectric applications.
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Figure 3: (1 - x)NBBT-xBMT ceramics: (a) Dielectric constant (at 1 kHz); (b) Dielectric loss (at 1 kHz); (c) Bipolar P-E
hysteresis loop at room temperature

The shift of the transition temperature (T;) to a lower value indicates that the ferroelectric phase
becomes unstable following the incorporation of BMT into NBBTS. This observation is further corroborated
by the measurement of the bipolar polarization-electric field (P-E) hysteresis loop, as illustrated in Fig. 3c.
The NBBTS ceramics display a typical P-E loop characteristic of normal ferroelectrics, with a coercive field
(E.) of approximately 28 kV/cm and a remnant polarization (P;) of about 0.25 C/m?. As the content of
BMT increases, both E. and P, exhibit a decreasing trend, suggesting an instability in the ferroelectric phase.
Notably, the 0.88NBBT-0.12BMT ceramic presents a ‘slender’ P-E loop, resembling the curves observed in
paraelectric or relaxor ferroelectric materials [34]. Since the enclosed hysteresis area corresponds to energy
loss, this result confirms that BMT addition reduces energy dissipation during electric cycling.

The discharge energy density of (1 — x)NBBT-xBMT ceramics at different temperatures under an
electric field of 70 kV/cm is presented in Fig. 4a. The findings indicate that the incorporation of BMT
into NBBTS significantly enhances the discharge energy density of the material from room temperature
up to 180°C. Notably, the 0.88NBBT-0.12BMT ceramic exhibits the highest energy density among the
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tested compositions across various temperature conditions. Furthermore, the energy storage performance of
0.88NBBT8-0.12BMT ceramics was evaluated under different electric fields at 120°C, with results illustrated
in Fig. 4b. Atan electric field of 150 kV/cm, the material demonstrates a remarkable discharge energy density
of approximately 2.01 J/cm? and an efficiency exceeding 60% (Fig. 4c). These results suggest that this material
is a suitable candidate for high-temperature energy storage dielectric applications.
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Figure 4: (a) Comparison of discharge energy density of (1 - x) NBBT-xBMT ceramics at different test temperatures
(at 85 kV/cm); (b) Unipolar electrical hysteresis loops of 0.88NBBT-0.12BMT ceramics under varying electric fields at
120°C; (c) Energy storage performance of 0.88NBBT-0.12BMT ceramics at 120°C

3 Methodology

As illustrated in Fig. 5, this study introduces a CS-DNN hybrid framework for optimizing ferroelectric
ceramics. The model integrates:

(1)  CS’s Lévy flight-driven global optimization to escape local minima,

(2) DNN'’s high-dimensional pattern recognition, and

(3) MCs/30 uncertainty quantification—achieving exceptional prediction accuracy for Nay,Bi; , TiOs-
based systems while maintaining 99.7% confidence intervals.
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3.1 Data Collection and Preprocessing

A machine learning framework was developed to predict the properties of Nay/;Bi;,TiO; (NBT)-
based ferroelectric ceramics, using chemical composition as the input and key dielectric/energy storage
parameters—including the room-temperature dielectric constant (¢,), maximum dielectric constant (&),
dielectric loss (tan §), discharge energy density (W), and charge-discharge efficiency (#)—as the output
targets. The dataset comprises experimentally synthesized (1 - x)NBBT8-xBMT ceramics with supplemen-
tary data from the literature [33,34]. Because of the limited dataset size, Monte Carlo simulation (MCs) with
the 30 principle was used for data augmentation to reduce overfitting. While effective for interpolation, this
method inherently propagates the statistical features of the original dataset (e.g., bimodal structure), which
may limit extrapolation capability.

To ensure reliability, a preprocessing pipeline was applied. Data normality was first assessed using the
Shapiro-Wilk test implemented via SciPy (Eq. (2)), since normally distributed data would not sufficiently
challenge the CS-DNN’s non-linear search capacity.

(X «ix;)’

W =
Yii(xi - X)?

(2)

where x(1) < X(3) < -+ < X(, is the order statistics of the sample (data in ascending order), X = - ¥°7_, x; is
the sample mean, and «; is the coefficient vector derived from the expected values of standard normal order
statistics and their covariance matrix, scaled by the sample size n [35].

The Monte Carlo method was then used to analyze stochastic sample behavior. Given a function f(x),
its expectation and variance can be estimated as:

= %Zif(xi) (3)

1 N 2
Dmﬁzizl(f(xi)_E) (4)

where N is the number of samples, x is the independent variable, and i denotes the i-th sample.
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In general, MCs mainly consists of the following four processes:

(1)  Defining the physical problem and influencing parameters,
(2)  Generating representative input samples,

(3) Computing responses for each sample, and

(4)  Extracting statistical indicators for uncertainty quantification.

Fig. 6 illustrates the uncertainty analysis workflow implemented through the combined MCs and CS-
DNN framework. The original dataset comprised 45 experimental samples, confirmed by statistical testing
to follow a bimodal distribution. To preserve this structure, data augmentation was performed separately for
two compositional groups:

Group 1: x = 0, 0.02, 0.04, 0.06, 0.10, 0.12, 0.14;
Group 2: x = 0.20, 0.40, 0.60, 0.80.

Determine the input variables of the The sample data is generated by using
CS-DNN model as the influencing > the mean and variance of the initial
factors. data set and the 3 & principle.

l

The CS-DNN model established by
[ the experimental data set is used to
calculate the response.

Complete the uncertainty analysis of
MCs.

Figure 6: Uncertainty analysis workflow integrating MCs and CS-DNN models

For training, both DNN and CS-DNN models used an 80:20 split of training and test sets. Importantly,
the original test set was kept fixed throughout augmentation to ensure unbiased evaluation. Using this
approach, the initially small dataset (NI) was expanded into a larger synthesized dataset (NL). Formally, the
dataset expansion is expressed as:

(XL YD) (X YY) (XN YN ) - (X YY) (XN YN (XN, YN ) (5)

The initial dataset (XNI, YN‘) was normalized using statistical standardization methods to ensure data
comparability and model stability.

Xi— Ux
Sy, = b=
Ox

S, =2 (i1, N (6)

Oy
where S, and S,, denote the standardized values of the input and output variables, respectively, (i, 4, )
represents the means and (ax, ay) denotes the standard deviations of the respective input datasets. The
normalized dataset can be expressed as:

{(Sx1,Sy1) oo (Sxe» Sya) ... (Snvi> Syny ) } @

The training set {(Sx1, Sy1)....(Sx«, Sy«)} was used to train the predictive model and establish the
input-output mapping function f, while the reserved test set {(Sx«, Sy«)...(Sxx, Sy~ )} validated model
generalization. The model’s performance was quantitatively assessed using the test set, followed by post-
processing steps including:

Posty, = yi x 0, +u,(i € (a, Ny)) (8)
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where Post,, represents the i-th post-processed value and j; denotes the initial output predicted by the
CS-DNN model.

For uncertainty quantification, the 30 principle was adopted, ensuring that [/ — 36, fi + 36] encom-
passes 99.74% of the predicted values. To ensure physical meaningfulness, all randomly generated input
variables (composition x) are constrained to positive values.

The data augmentation process can be concluded as follows:

(1) Generate random standardized inputs S, (j € (N1, N1)) within 30 bounds,
(2)  Apply trained function f to obtain outputs S, (j € (N1, N )),
(3) Expand dataset from size Ny to Ny.

The expanded dataset N was finally normalized via Min—Max scaling to enhance model convergence.
Although the experimental dataset consisted of only 45 samples, a statistically robust data augmentation
method was implemented using Monte Carlo simulations and the 30 criterion. This synthetic expansion
preserves the statistical structure of the original dataset while enabling uncertainty-aware learning under
small-sample conditions [8]. The adopted CS-DNN framework further alleviates overfitting risk through
metaheuristic global optimization, as demonstrated in recent small-data materials modeling studies.

3.2 Cuckoo Search Framework Design

To achieve optimal model performance, we employed the Cuckoo Search (CS) optimization algorithm
for hyperparameter tuning. The CS algorithm is a bio-inspired metaheuristic that mimics the brood parasitic
behavior of cuckoo species through three key mechanisms:

(1)  Lévy flight-based random walks for global exploration of the parameter space

(2) Host nest selection via fitness-proportional probability sampling

(3)  Exclusion of inferior solutions, where low-quality nests are discarded and replaced with new candidates
according to the discovery probability P,.

This mechanism balances exploration and exploitation, enabling efficient convergence toward opti-
mal solutions. The CS algorithm was applied without modification in this work. Detailed mathematical
formulations—including Lévy flight updating, step-size decay, and local refinements—along with hierar-
chical termination rules (stability checks, convergence validation, and quality benchmarks) and the full
algorithmic flowchart (see Fig. Al) are provided in Appendix A.

3.3 Evaluation Metrics

The predictive accuracy and robustness of the CS-DNN model were assessed using three metrics:

Coefficient of determination (R*)—Proportion of variance explained by the model:

n PR Y . 2
R2 =1- Zl:l(y’ }il)z (9)
Zia(yi=y)
Mean absolute percentage error (MAPE)—Relative magnitude of errors:
L |yi=Ji
MAPE = — S =311 100 (10)

n }/i
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Root-mean-square error (RMSE)—Absolute prediction accuracy:

Y (yi = Ji)?
n

RMSE = (1)

where y; denotes the experimentally measured output value for the i-th sample, y; represents the corre-
sponding predicted value, y is the mean of the observed dataset, and 7 is the total number of samples.

4 Model and Results
4.1 Details of CS-DNN Model

The proposed CS-DNN hybrid model combines the global optimization capacity of the Cuckoo
Search (CS) algorithm with the nonlinear learning strengths of Deep Neural Networks (DNNs). This
integration addresses key shortcomings of gradient-based training, particularly sensitivity to initialization
and entrapment in local minima.

The model architecture (Fig. 7) comprises:
(1)  Input layer: Material composition (x content).

(2) Hidden layers: Two fully connected layers with optimized activation functions.
(3)  Output layer: Critical performance parameters (&, &uax, tan 8, Wy, 1).

Input Layer Hidden Layer] ~ Hidden Layer2 Output Layer

Single Input Multiple Outputs

2" neurons(10>n>4)

Figure 7: CS-DNN and DNN model structure diagram

Fig. 8 illustrates the methodological workflow for dielectric property prediction in NBT-based ceramics,
structured into three parallel pathways:

1. Conventional DNN Training (Blue Pathway): Gradient-based backpropagation optimization; Potential
convergence to local minima.

2. CS-DNN Hybrid Framework (Orange Pathway): Incorporates Cuckoo Search metaheuristic optimiza-
tion; Enhanced global search capability; Mitigates local minimum traps through Lévy flight dynamics.

3. Unified Evaluation Module (Yellow Nexus): Standardized performance metrics (R*, RMSE, MAPE);
Robustness assessment via k-fold (k = 3) cross-validation; Uncertainty quantification analysis.

This workflow represents an advancement in machine learning approaches for materials analysis: it
successfully integrates metaheuristic optimization into deep learning architectures, overcoming the local
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optima that typically plague gradient-based methods while specifically addressing the instability of deep
learning models induced by small datasets—thereby achieving enhanced stability and predictive capability.

Data preprocessing of NBT
dielectric energy storage

]

Initialize the structure of the
deep neural network model

1 =)

DNN

Traditional gradient descent
training (using
hyperparameters such as
optimizers and loss
functions) is used to update

the weights

Figure 8: Comparative workflow diagram of conventional DNN and CS-DNN frameworks

Test models
(RMSE/MAPE/R2, Error
distribution histogram, <:I
Predictive - True Value
Scatter plot)

Data preprocessing of NBT
dielectric energy storage

]

Initialize the structure of the
deep neural network model

]

CS-DNN

Initialize the population
and conduct global search
(Levy flight to generate
new solutions)

Local search (differential
perturbation for generating
new solutions, gradient
descent for fine-tuning)

Furthermore, Monte Carlo (MC) simulations were incorporated to quantify uncertainty in
composition-dependent performance within the experimental domain. Although MC augmentation may
produce samples slightly outside the measured range, such extrapolations serve only as statistical probes for
robustness analysis, not as predictions of unverified material properties. The innovation of this framework is
particularly evident in the design of energy storage materials, where it combines the global search capability
of Cuckoo Search with robust statistical validation methods, providing both theoretical insights and practical

design tools for NBT-based dielectric materials.

To implement the proposed CS-DNN model, we follow the workflow illustrated in Fig. 9. Under
identical experimental conditions, a comparative analysis of DNN and CS-DNN models was conducted using
the augmented dataset N . To ensure rigorous comparative validity, the DNN baseline retained identical
architecture (see Fig. 7), and model hyperparameters listed in Table Al of Appendix C.

Data set preprocessing |

Define the model |
structure

Evaluate the new solution

loss

Initialization population

|Nest1| |Nest2| ------ |Nestn|

¥

Dynamic parameter
calculation

.

Global search phase |

'

Levy flight generates a new

solution

pdate the
optimal solution

| Enter local search

v

Differential perturbation
generates new solutions

Gradient descent
optimization algorithm

Evaluate the loss after
optimization

| Early stop detection

Figure 9: Schematic diagram illustrating the integrated CS-DNN framework

Update the best nest
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The CS-DNN model was prioritized over alternatives such as Random Forests, SVMs, and Bayesian opti-
mization due to its superior ability to capture smooth nonlinear composition-property relationships and its
resilience to local minima. Unlike tree-based or kernel methods, CS-DNN supports continuous regression,
global search optimization, and seamless integration with Monte Carlo uncertainty analysis. These features
are particularly critical in sparse experimental settings, where model robustness and physical consistency are
paramount. Future work will include formal benchmarking against alternative learning algorithms.

4.2 Model Performance Comparison

Normality testing of the 45-sample dataset using the Shapiro-Wilk test (Table 1) indicated significant
deviation from unimodal normality (W = 0.8028, p < 0.05). This reflects intrinsic data uncertainty, including
multimodal distributions and outliers. Stratified grouping revealed that subsets x < 0.12 and x > 0.12 each
satisfied normality, supporting a dual-distribution framework for subsequent Monte Carlo simulations and
30-based confidence intervals.

Table 1: Normal distribution coefficient table

x(0-0.8) x(0-0.12) x(0.12-0.8)

Statistics (W) 0.8028 0.9575 0.8911
p value 0.0102 0.8006 0.3240

Since the data exhibited a bimodal distribution (Table 1), it was then partitioned into two subsets: x <
0.12 and x > 0.12. The sample sizes, means, and variances for each subset are detailed in Table 2. Each subset
was expanded to 100 data points, resulting in a final augmented dataset of 200 samples. This enhanced dataset
was then employed to construct comparative CS-DNN and conventional DNN models, enabling systematic
evaluation of their predictive accuracy, robustness, and key performance parameters.

Table 2: Sample details table

Number of samples  Mean Std

x (0-0.12) 26 0.044  0.0344
x (0.12-0.8) 19 0.03964 0.2766

Relative error histogram (Fig. 10) reveals that CS-DNN consistently outperforms DNN across dielectric
properties, particularly under non-normal data distributions. The improvement derives from CS’s Lévy flight
exploration, which strengthens robustness against gradient vanishing and poor initialization—limitations
inherent to conventional DNNs. This methodological advancement is particularly relevant for materials
science applications, where nonlinear composition-property relationships—such as phase transitions and
oxygen vacancy suppression—demand robust uncertainty-aware models.

As shown in Figs. 11 and 12, the CS-DNN displays significantly narrower prediction bands (indicated
by the color legend of each subfigure), with ~95% of experimental points lying within 36 bounds. While a
small number of predictions are slightly beyond the experimental data range (x € (0, 0.8)), they remain near
the empirically validated domain.

Figs. 11 and 12 also highlight the CS-DNN’s superiority in predicting nonlinear trends, particularly
in low-BMT regions (x < 0.12). For instance, the RMSE for tan § decreases by 32.6% (0.0031 vs. 0.0046),
attributed to the model’s ability to capture BMT-induced phase transitions (Fig. 2b) and reduced oxygen
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vacancy formation (Fig. 3a). DNN’s higher errors in these regions arise from gradient vanishing during
backpropagation, a limitation circumvented by CS’s stochastic exploration.

Error resilience benefitted from the CS algorithm’s global search capability effectively reduces overfitting
as demonstrated by the lower mean absolute percentage error (MAPE = 4.04% for &4, vs. DNN’s 5.34%)
and improved determination coefficient (R* = 0.9717 vs. 0.9382) in Tables 3 and 4.
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Figure 10: Relative error histogram of CS-DNN and DNN
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Table 3: Relative error parameters of DNN model

Table 4: Relative error parameters of CS-DNN model

RMSE R MAPE

& 114.6235 0.8103  5.559
Emax 312.8963 0.9382 5.3372
tand 0.0046 0.9024 6.9469
Wee 0.0318  0.8835 5.3487
n 0.0214  0.9772 1.5243

RMSE R MAPE

& 106.6913 0.8436 4.7096
Emax 2209535 09717 4.0403
tand  0.0031  0.9545 4.0961
Wee 0.0326 0.8964 4.6161
n 0.0196  0.9782 11965
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Table 5 quantitatively demonstrates the performance enhancement of the CS-DNN model over conven-
tional DNN. The core innovation lies in circumventing local minima in gradient-based optimization through
Cuckoo Search’s Lévy flight mechanism, significantly improving prediction accuracy for key parameters:

Table 5: Performance comparison of R* between CS-DNN and DNN

DNN CS-DNN Improvement

e 08103  0.8436 4.11%
Emax 09382 0.9717 3.57%
tand 0.9024  0.9545 5.77%
W, 0.8835  0.8964 1.46%

n 09772  0.9782 0.10%

1. Global Optimization Advantage: CS-DNN exhibits superior robustness with non-normal distributed
data (Table 1), achieving an average 3.0% increase in R? across all output parameters;

2. Uncertainty Quantification Breakthrough: Integrated Monte Carlo simulations and 3o criterion provide
statistically reliable prediction intervals for composition design.

While the experimental dataset spans from x = 0 to 0.80, the CS-DNN model supports extrapolation
through Monte Carlo sampling and 30-based uncertainty quantification. Input compositions exceeding
x = 0.80 (approaching the 0.8 threshold) generate significantly wider prediction intervals, reflecting elevated
model uncertainty in this compositional regime. These trends are consistent with previous CS-DNN
applications in high-dimensional alloy systems [23] and validate the frameworK’s adaptability. Future exten-
sions will prioritize (i) dataset expansion via high-throughput synthesis or simulations, (ii) integration of
physical constraints (e.g.. phase stability), and (iii) multi-objective CS optimization for balancing competing
dielectric properties.

In summary, the CS-DNN framework demonstrates robust predictive accuracy, uncertainty awareness,
and physical interpretability. By integrating metaheuristic optimization into deep learning, it establishes a
scalable paradigm for accelerating the design of next-generation ferroelectric ceramics. While this study
focused solely on composition (x) as the input, the framework can be extended to multi-feature models,
enabling feature attribution and deeper physical insights. Nonetheless, compositional sensitivity was implic-
itly reflected in model behavior, with pronounced predictive inflection near x = 0.12, consistent with observed
phase transitions. Future work will extend the framework to multi-feature systems to enable full-feature
attribution analysis.

5 Conclusion

In this study, a hybrid CS-DNN model—integrating the global search capability of the Cuckoo Search
algorithm with the nonlinear learning power of Deep Neural Networks—was proposed to analyze uncer-
tainty in dielectric energy storage performance and guide the composition design of NBT-based ceramic
capacitors. The (1 — x)NBBT8-xBMT solid solution ceramics were fabricated via the solid-state reaction
method, and their structural, dielectric, and energy storage properties were systematically investigated.
Compared with the conventional DNN model, CS-DNN achieved higher predictive accuracy (R* = 0.97)
and lower relative error (MAPE = 1.20%), while also identifying key descriptors governing energy storage
behavior. The framework demonstrates excellent interpolation within the experimental composition range
(x € (0, 0.80)), though the limited training set (n = 45) necessitates: (i) explicit 30 uncertainty bounds for
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all predictions, (ii) strict avoidance of extrapolation beyond x = 0.80, and (iii) future dataset expansion via
high-throughput synthesis.

Experimentally, BMT incorporation was shown to significantly enhance the high-temperature stability
of NBT-based ceramics. At an applied field of 150 kV/cm and 120°C, the discharge energy density reached
2.01 J/cm® with efficiency exceeding 60%. These improvements are attributed to stabilization of the pseudo-
cubic phase, suppression of oxygen vacancy formation, and mitigation of dielectric loss and polarization
hysteresis. Such findings validate the combined computational-experimental approach, where machine
learning insights directly align with observed physical mechanisms.

Overall, this work establishes a novel CS-DNN hybrid framework that bridges data-driven model-
ing with physical understanding, accelerating the discovery of high-performance dielectric materials. By
overcoming limitations of gradient-based optimization (e.g., local minima) and improving interpretability
through feature analysis, the model provides a scalable paradigm for material design. Future work will expand
the framework to incorporate multi-scale descriptors (e.g., phase stability, grain boundaries) and advanced
interpretability tools (e.g., SHAP, attention mechanisms), enabling explicit links between processing, struc-
ture, and performance. In addition, efforts will focus on dataset enrichment, multi-objective optimization,
and application to next-generation ferroelectric capacitors, aligning with the broader goals of the Materials
Genome Initiative.
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Appendix A Flow Chart for the CS Algorithm
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Figure Al: Cuckoo search process

Appendix B The Formula Derivation Process of the Cuckoo Algorithm

Lévy flight: Lévy flight is a random walk process used to explore the search space. It is characterized
by heavy-tailed distribution, allowing occasional long jumps, so as to effectively explore the local and global
regions of the search space. Cuckoos use Levis flight to update the nest location and search for new nest
locations according to the following formula:

X=X +aeLévy(d) (A1)

wherei =1,2,...,n,n1is the number of nests. Xf +*land X f represent the position vector of the i-th nest in the
t-th generation and the (t + 1)-th generation. a denotes the step length. The dynamic attenuation step used
in this paper to improve the convergence speed and reduce the sensitivity of the parameters can be expressed
as:

_epoch

a=e T ,T=0.5xmax_iter (A2)

where max_ifer is the maximum number of iterations, epoch is the current number of iterations, T is a scale
factor used to control the attenuation rate of the step size a. Lévy(1) denotes the random walk of a Lévy
distribution, which can be expressed as:

Lévy(A) ~u=s 1< 1<3 (A3)

where s is a random variable and A is the stability index.

The CS algorithm usually calculates the step size in the following way:

Lévy (L) ~# (A4)
v A
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where p and v are random numbers subject to normal distribution, satisfying y ~ N (0, oﬁ), v~ N(0,02).

1
IF'(l1+A)sin (”7’\) '
M T R c=) (85)
r(%)r-27=
o, =1 (A6)
Therefore, Formula (Al) can be rewritten as:
X = X!t (xO% (x!-X},..) (A7)
v

where X, represents the best position that the entire population has searched so far, also known as the

historical optimal position, and «j is the step-size scale factor.

Nest selection: After Lévy flight, the best nest (solution) is selected according to the fitness value.
Poorly performing nests are abandoned and new random solutions are introduced into the population to
maintain diversity.

Egg laying: Cuckoos also lay eggs in the nests of other birds, which represents a form of exploration
and diversification. It simulates by combining existing solutions and random perturbations to generate new
candidate solutions.

Local search: Local search is used to further optimize the solution obtained from Lévy’s flight and
spawning process, mainly focusing on exploring the neighborhood of the solution to improve its quality. The
new nest position is generated according to the following formula:

X=X+ rH (e - Py) (X7 - X)) (A8)

where X/ and X' denote the two nest positions randomly selected from the current population, H(-) is
the Heaviside function, and r and ¢ are uniformly distributed random numbers in the range of [0, 1].

Termination criterion: The algorithm iteratively executes the above steps until the termination criterion
is satisfied. The termination criteria were implemented through three hierarchical conditions: (1) Maximum
iterations (no prescribed upper limit; optimization terminates after evaluation metrics in Section 3.3 stabilize
for >200 consecutive iterations, followed by parameter recording and retraining), (2) Solution convergence
was validated when the relative error between successive predictions fell below 107°. (3) Solution quality
benchmarks (R? > 0.80 and MAPE < 10, as defined in Eqs. (A1)-(A8)).

Appendix C Model Hyperparameter

Table Al: Model hyperparameter reference

Learning Loss function  Optimizer Nest Discovery Step size
rate probability
DNN 0.001-0.1 MSELoss Adagrad
L1Loss Adam
CS-DNN 0.001-0.1 MSELoss Adagrad 30-60 0.2-0.4 0-1

L1Loss Adam
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