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Abstract

Polymer Nano composites were created by reinforcing epoxy with barium titanate (Bo.o2 So.08)
TiOs, boasting high dielectric strength. These composites showcased significant alterations in
their dielectric capabilities, influenced by time, temperature, and concentration. The research
delved into epoxy resin composites, exploring how the ratio of BST nanoparticles affected the
dielectric strength concerning the epoxy aspect ratio. Epoxy was combined with nano filler
titanate (Bo.92 So.08) TiO3 Ceramics at various BST to epoxy ratios of 0%, 2.5%, 5%, 7%, and
100%, with the mixture left to cure in an oven at temperatures of 40°C, 50°C, 60°C, and 80°C
for durations ranging from 10 to 50 minutes. The temperature was consistently set at 50°C, while
curing times varied from 10 to 50 minutes. The study also delved into the mechanical bonding
mechanisms between BST and epoxy polymer. Techniques such as Scanning Electron
Microscopy (SEM) and Transmission Electron Microscopy (TEM) were employed to study
delaminated layers, inspect fracture surfaces, and assess structural features and dielectric
strength. Discussions revolved around the impacts of concentration, particle size, and BST filler
on the dielectric properties of BST/polymer composites. Artificial Neural Networks, known as
ANNs, mimic the intricate workings of the human brain to delve into the realms of
ceramic/polymer composites' dielectric constants and the crafting of BST/polymer composites.
Delving deeper, the enhancement of dielectric constants in BST/polymer composites is
succinctly outlined. A novel theoretical model focusing on dielectric constants, drawn from our
prior research endeavors, is presented. Furthermore, the impacts of various factors on the
dielectric constants of these composites are explored, aiding in the forecast of their dielectric
constants. This discussion holds significant theoretical and research implications for future
endeavors.
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1.Introduction

The use of polymeric materials in engineering applications has grown dramatically. Because of
their high adhesive qualities, powerful cross-linking networks, outstanding dimensional
stability [1], and superior chemical and thermal resistance, thermoset polymers are especially
well-liked in industrial settings. Nevertheless, they frequently lack the required strength and
stiffness despite their advantageous qualities, such as low density, light weight, resistance to
corrosion, and design flexibility. Reinforcing these polymers with high-strength, lightweight
materials like glass and carbon fibers fills this gap. Polymer composites are useful in many
structural and tribological applications because of these benefits [2]. Epoxy has special
characteristics among polymers because it is inexpensive to produce and simple to prepare [3].
Epoxy resin is a thermosetting polymer that is renowned for its exceptional resilience and
mechanical qualities. The term "epoxy" is frequently used to describe the main ingredients of
epoxy resins or the final product after curing. Monomers with at least two epoxide groups give
rise to this family of thermoset polymers. Curatives can be used to cross-link or polymerize them
into a three-dimensional network. A variety of curatives or hardeners, such as polyfunctional
acids, amines, phenols, thiols, alcohols, and anhydrides, are available for curing, whether at room
temperature or at higher temperatures [4-8]. Being one of the most powerful chemical adhesives
on sale, epoxy finds extensive use in adhesive applications. It is widely utilized in the automotive
and aerospace sectors. Particularly noteworthy are solvent-free epoxy adhesives' exceptional
durability, chemical and heat resistance, and water resistance. Because they offer a strong,
protective covering with remarkable hardness, epoxy-based coatings are often used on metal
substrates where good performance is crucial [9-11]. Because of its excellent dielectric
qualities, corrosion resistance, low shrinkage while curing, high stiffness and strength [12],
chemical resistance, and superior thermal properties [13], epoxy is the most important family of
thermosetting resins for a variety of engineering applications. Researchers have developed a
range of nanostructured materials composed of polymers, inorganic substances, and composites.
Support materials such as iron oxide (Fe203), magnesium oxide, zinc oxide (ZnO), titanium

dioxide, gold, and silver are used in these structures. Even in harsh environments, magnesium



oxide (MgO) is renowned for its chemical and thermal stability. It also has exceptional
biocompatibility, dissolving into soluble, non-toxic Mg+2 ions [11]. Ferroelectric barium
titanate (BaTi03) is distinguished by its positive temperature coefficient, low dissipation factor,
and high dielectric constant [14—16]. Because of its high dielectric constant, superior thermal
stability, and enhanced properties when doped with other materials, barium strontium titanate
(BST) is a better choice for a dielectric material [17]. A perovskite structure known as (Bai-
Srx)Ti03, or BST, can develop in this material when Ba ions are swapped out for Sr ions. The
ferroelectric/paraelectric transition temperature can be adjusted for purposes because the Curie
temperature of BST falls linearly with increasing Sr concentration. Consequently, the Ba: Sr
ratio can have a significant impact on the electrical and optical characteristics of BST. Because
of its strong dielectric permittivity, barium strontium titanate has garnered a lot of attention from

scientists and engineers [18].

Computational models known as artificial neural networks (ANNs) are modeled after the
composition and operations of the human brain. They use a connectionist computation approach
to process information and are made up of interconnected clusters of artificial neurons. Because
ANNs can learn and generalize from data, they are frequently utilized for a variety of
applications, such as pattern recognition, classification, and prediction [19]. A feedforward
neural network, a kind of ANN in which node-to-node connections do not create cycles, was
employed in this investigation [20]. When the objective of supervised learning tasks is to predict
an output based on a given input, this model performs especially well [21]. The following are
the main benefits of ANNSs: Adaptability: ANNs are flexible for a range of applications because
they can adjust to changing circumstances and learn from the data they process [19,22].
Nonlinear Processing: Conventional linear models are unable to capture the intricate, nonlinear
interactions between input and output variables that artificial neural networks (ANNs)
can [23,24],.Robustness: ANNs are appropriate for real-world applications where data quality
varies because they can manage noisy and incomplete data well [20,25].Parallel Processing:
ANNs' structure allows them to execute several tasks at once, boosting computing

efficiency [19,24].

The purpose of this study is to examine the effects of nano (Bao.92 Sro.03)TiO3 particles on the

fracture behavior of epoxy composites created via mold casting. The mechanical bonding



procedures between epoxy polymer and BST are also described. Characterizing delaminated
layers involves analyzing their fracture surfaces, characterizing their structural properties, and
determining their dielectric strength using analytical methods such as Scanning Electron
Microscopy (SEM) and Transmission Electron Microscopy (TEM). The flexibility and capacity
to represent nonlinear interactions of the feed forward neural network were then essential in
precisely forecasting the dielectric strength of unmanufactured epoxy nanocomposites depending

on filler content, temperature, and time.

2. Experimental
2.1. Materials

All the samples were made using materials that might be purchased commercially. The present
study specifically used a cycloaliphatic epoxy resin (6105, DOW Chemicals, USA) in
conjunction with methyl-hexahydrophthalic anhydride (MHHPA, Shanghai Li Yi Science &
Technology Development Co. Ltd., China) as a hardener, barium acetate (ACS reagent grade,
99%, Merck, Germany), strontium acetate (ACS reagent grade, 99.9%, Sigma Aldrich, USA),
and titanium (IV) isopropoxide (ACS reagent grade, 99.9%, Sigma Aldrich, USA).

2.2. Barium strontium titanate preparation.

As precursors for barium, strontium, and titanium, respectively, the (Ba0.92 Sr0.08)TiO3
nanopowder was created using barium acetate (ACS reagent grade, 99%, Merck, Germany),
strontium acetate (ACS reagent grade, 99.9%, Sigma Aldrich, USA), and titanium (IV)
isopropoxide (ACS reagent grade, 99.9%, Sigma Aldrich, USA). Titanium (IV) isopropoxide
was stabilized using ethanol (99+%, Merck, Germany) and acetic acid (glacial, 99 to 100%
EMPLURA, Merck, Germany) as a solvent. Continuous magnetic stirring at 300 rpm for 30
minutes was used to dissolve stoichiometric amounts of barium acetate (0.04 mol) and strontium
acetate (0.026 mol) powders in 10 and 12 mL of heated glacial acetic acid, respectively. After
that, the two solutions were combined and agitated for 30 minutes at 300 rpm. At room
temperature, titanium (IV) isopropoxide (0.066 mol) was mixed with 2 to 5 mL of ethanol to
create a distinct solution. With the aid of a burette, drops of the Ba—Sr solution was added to the
Ti solution as it was created. By adding buffering agents, the pH of the solution was kept
between 3.5 and 5. A thick, white-colored gel formed because of refluxing. After cooling the
produced gel to 5 °C, deionized water was added, and the mixture was magnetically agitated for
60 minutes. Amorphous (Bo.92 So.08) TiO3 powder was formed when the solution was dried at 100
°C and heated to 200 °C for two hours to fully separate the water. After that, the amorphous
powder was calcined in a muffle furnace at 600, 750, and 850 °C, respectively, to crystallize it. A
process diagram illustrating the manufacture of nanocrystalline BST powder is shown in Fig.
1 [26].



Mixing o

Dissolution of Barium '

acetate(0.92ml) in acetic acid
(8ml)

Tl- isopropoxide + ethanol (2-5 ml

— PH maintained at 3.5 -5 \
=

Dissolution of staontium
acetate(0.08ml) in acetic

acid (8ml) p— =“
\ ~ — 7 - -
& BSt Gel
< Dring at 200°C for 2h
< and calcined at 850°C
Refluxing at 125 °C for for 2h

2h and cooling for 5°C

Figurel: Experimental procedure for preparation of ( Bo.o2 So.08) TiO3 ceramic material.

2.3. ( Bo.92 So.08) TiO3 with epoxy preparation.

To examine the impact of (B So.08To.92) fillers on the dielectric characteristics, a sample of (Bo.o2
So.08) T1O3 with epoxy composites was created. For the investigations, Huntsman's bisphenol An
epoxy resin (CT 5531 CI) and hardener (HT 903 CI) are utilized. Because of its great mechanical
strength and superior heat-shock resistance, this type of epoxy resin is typically used in high-
voltage electrical equipment, including as switch devices, bushings, and GIS spacers. A
homogenous mixture of 100 parts by weight of CT 5531 CI resin and 38 parts by weight of HT
903 CI hardener is required to process a sample using this epoxy resin and hardener. Regarding
the fillers, solid stat reaction was prepared using (Bo.o2 So.08) TiO3 particles.

The surfaces of (Bo.o2 So.08) TiO3 particles were modified using a silane coupling agent to get
around this aggregation issue. The first step involved adding the modified dry (B So0.08T0.92)O3
particles to an ethanol solution and ultrasonically mixing them for 60 seconds. To avoid
sedimentation, the ethanol solution doped with (Bo.g2 So.08) TiO3 particles is then added to the
high viscosity pure epoxy first [27]. To get a good dispersion, the mixture is agitated in a mixer
for an hour. Then, after a few minutes of continuous mixing in the mixer, a certain amount of
hardener is added to the mixture and poured into the mold. After that, the mold is placed in an
oven to cure; the temperature and duration of this process were discussed in this work [28]. As
illustrated in figure 2, a vacuum system (10-2 bar) is required at each stage of the procedure in



order to eliminate bubbles from the samples. Air bubbles can function as flaws and have a big
impact on the epoxy composites' dielectric qualities. Air bubbles may become trapped in the
substance during sample preparation, particularly when mixing. Therefore, before the curing
process, the mold containing the composite material must be degassed until the air bubbles
completely stop escaping the material.
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Figure 2: Experimental technique for preparation and curing of Epoxy Nano composite.

2.4 Neural network's Methodology

Different input parameters were used in two sets of studies. Temperature (from 40°C to 80°C)
and filler concentration (from 0% to 10%) were the input variables in the first set. Time (from 10
to 50 minutes) and filler concentration (from 0% to 10%) were the input variables in the second
set. The measured dielectric strength values for these input combinations made up the output
dataset. To increase the effectiveness and precision of the ANN training procedure, the datasets
were normalized using MATLAB's map minmax function [19,21]. The ANN for each set was
constructed with a feedforward network architecture, comprising two hidden layers with 10
neurons each [21,22] . The network configuration and training parameters were set as follows:

o Training, validation, and testing data were divided in the ratio of 70:15:15.

o The training was set to continue until a performance goal of 1x10~® was achieved, or until the
minimum gradient of 1x10~7 was reached.

e The learning rate was set at 0.01, with a maximum of 2000 epochs per training session, and a
maximum of 6 validation failures allowed.



2.5 Training and Performance

The ANN was trained iteratively, with the prediction errors being checked until the
predetermined conditions were satisfied. The performance metric employed was mean squared
error (MSE) [24] . The training cycle went on until either 10,000 epochs were attained or all
percentage errors were less than 0.9%. The ANN showed excellent accuracy in predicting
dielectric strength for the first set of experiments (temperature and filler content). The percentage
errors for individual forecasts were kept below the designated cutoff of 0.9%, and the total mean
squared error was kept to a minimum [24]. For the second set of experiments (time and filler
concentration), similar high accuracy was achieved, demonstrating the robustness of the ANN
model in predicting dielectric strength under different conditions [29].

3- Characterization

One of the most important methods for describing the structural characteristics of CNPs
is the X-ray diffraction (XRD) pattern. A diffractometer of the type of Cu Ka radiation (A = 1.54
A°) was used to perform X-ray diffraction measurements at room temperature. The generator
was operating at 10 kV and 30 mA of current. High-resolution scanning electron microscopy
(SEM, JEOL JEM-2100) (Japan) and transmission electron microscopy (TEM, JOUL, JSM-
1010, Japan) were utilized to analyze the surface morphology of the composite bricks. Data were
gathered at a scanning rate of 2°/min for 20 between 0 and 40.

4- Result and Discussion

4.1. X-ray Diffraction
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Figure 3: XRD spectra of (Bo.92 So.0s) TiO3 nano powder, pure Epoxy and composite of them(a), Least-
squares structure refinements for (Bo.o2 So.0s) TiO3 NPs (b), VESTA (Visualization for Electronics and
Structural Analysis) program for The crystal structure of (Bao.o2 Sro.0s) TiO3 NPs (c).



Figure 3 displays the XRD spectra of every sample that was analyzed, including the pure epoxy,
pure (Bo.o2 So.0s) TiO3 nanopowder, and their composite. Figure 3 displays the final calcined
powder's X-ray diffraction pattern at 850°C BST. Diffraction angles 26=22.43° 31.9°, 39.33°,
45.72°, 51.47°, 56.81°, and 66.63° show intense peaks. Every peak match JCPDS card number
440093 and is associated with the tetragonal phase of BST. The (100), (110), (111), (002), (210),
(211), and (202) planes are the indexes for the diffraction peaks. Furthermore, the BST sample's
tetragonal structure is confirmed by the peak splitting at diffraction angles 45.72° and
66.63° [30]. The FULLPROF Rietveld-type program was used to model the refinements of the
least-squares structure. The results showed the expected R-fac tor (Rexp) = 29.82, the weighted
pattern R-factor (Rwp) = 45, and the traditional Rietveld R-factors Rp = 25. A plot of the
observed, computed, and difference profiles for the last Rietveld refinement of biogenically
produced (Bo.92 So.08) TiO3 nanoparticles (NPS) is shown in Figure (3-b). The agreement between
the data and the model during the Rietveld refinements is shown by the blue line in Figure (3-b).
For the tetragonal structure, the space group PAmm was taken into consideration when doing the
study. Numerous XRD data characteristics, including refinement parameters like occupancy,
atomic functional position, crystal system, space group, and cell parameter, were fitted using a
pseudo-Voigt function [31] .The final Rietveld refinement parameters were used in the
standardization of the crystal structure and fractional coordinates modeled by the VESTA
(Visualization for Electronics and Structural Analysis) program [32], as shown in Figure (3-c).
The crystal structure of (Bao.92 Sro.08)TiO3 NPs was confirmed to be tetragonal, corresponding to
the space group P4Amm. The tetragonal unit cell has three lattice parameters, a =b = 3.994, , and
c=4.008, with a c/a ratio of 1.003 and a = B = y= 90 °, Moreover the lattice parameters positions
and cell volume shown in table 1.In Figure (3-b), the (Bo92 So08) TiO3 structural model is
schematically represented using the final Rietveld refinement parameters. Two interpenetrating
tetragonal sublattices make up the structure [30]. The broad peak in the XRD pattern, which
spans from 12° to 30°, indicates that pure epoxy (P) has an amorphous structure. This broad
peak, associated with the amorphous structure of the epoxy, reduces with the addition of (Bo.o2
So.0s) TiO3 nanoparticles. Furthermore, the peaks corresponding to the (Boo2 Soos) TiO3
nanoparticles become increasingly apparent as the nanoparticle filler content increases.

Table 1: Final Rietveld refinement parameter of Tetragonal (Bao.o2 Sro.08) TiO3 NPs.

Compound :f::; aA%) | bAY) | ea” ;‘ b= aC/ (C:})' volume | \eom | x Y zZ
(Bavs P4mm | 3.994 | 3.994 | 4.003 | 90° 1.0 | 63.855 Ba 0 0 0
Sro.08) TiO3 03 Sr 0 0 0
Ti 05 |05 | 0486
) 0.5 0.162




4.2. Surface morphology.

Figure 4: SEM of pure epoxy (a) BST2.5, (b) BSTS, (¢) BST7.5, (d) and BST10 (e) and
pure (Bo.92 So.08) TiO3 nano powder (g).

Figure 4 shows images from the SEM of every sample that was analyzed, including composites
of BST2.5 (b), BST5 (c), BST7.5 (d), and BST10 (e), as well as pure epoxy (a) and pure (Bo.o2
So.08) TiO3 nanopowder (g).Achieving a uniform dispersion of nanofillers within the polymer is
one of the main challenges in the production of nanocomposites. The thermal and mechanical
properties of polymers can be negatively impacted by nanoparticle agglomeration, and the
probability of agglomeration rises with increasing filler loading. Furthermore, the BST
nanoparticles in the nanocomposites need to be evenly distributed. Figure 4 displays the
distribution of BST nanoparticles in polymer-based matrices to examine morphological
characteristics.

The mixing procedures during preparation were carefully carried out to achieve equal dispersion
of nanofillers in the samples, as evidenced by the various architectures of the created
nanocomposites and the physical characteristics of the nanoparticles and polymers utilized [33].
Figure (4-g) illustrates the cauliflower-like structure of the (Bo.92 So.0s) TiO3 nanoparticles, which
are found in very small numbers and spaced widely apart. Clusters and finely dispersed
nanoparticles coexist, as evidenced by the increasing density of BST inclusions with increasing



filler concentration. Figure (4-c) also shows some microcracks and voids, despite the fillers
being evenly mixed in the BSTS5 [34] .

4.3. Transmission Electron Microscope

The BT nanoparticles that were received are comparatively homogeneous in size, with a
range of 10-15 nm. The morphologies of the (Bao.os2 Sroos)TiO3; surface were thus further
investigated using transmission electron microscopy. Following modification, a sizable number
of (Bao.092 St0.08) TiO3 nanoparticles with a consistent size of 10 nm are homogeneously [35] .

Greater agglomeration took place in these circumstances, as evidenced by the bigger area
and more noticeable black dots as shown in figure 5. This could be because, although being
lipophilic, (Bao.o92 Sto.08)TiO3 does not readily disperse in some situations due to its tiny particle
size (around 10-15 nm) and high surface energy. Nevertheless, agglomeration was exacerbated
by the 30-minute ultrasonic treatment [36]. The composite's compressive strength was increased
when the (Bao.o92 Sro.08) TiO3 value was low and no ultrasonic treatment was used; however, when
agglomeration increased at greater concentrations, the compressive strength decreased [37] .

Il particle size (nm)

Freequency(%)

80 100 120 140 160 180

particle size (nm)

Figure 5: Transmission Electron microscope of (Bao.o92 Sro.08) T1O3 Nanoparticle .



2.5. Dielectric Analysis the ANN models.

An example prediction was performed for new input scenarios. For the first set of experiments,
with a time of 45 minutes and a filler concentration of 4%, the predicted dielectric strength was
55.23 kV/mm. For the second set of experiments, with a temperature of 45°C and a filler
concentration of 4%, the predicted dielectric strength was 38.35 kV/mm.
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Figure 6: Structure of the Feedforward Neural Network
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Figure 6 illustrates the architecture of the feedforward neural network used in the study, showing
the input layer, hidden layers, and output layer. It was generated using MATLAB’s view(net)

function.
o

Data Preparation } Example Prediction
1

Input : [Temperature, Filler Concentration Predict dielectric strength for new input
or [Time, Filler Concentration] data (denormalize and display results)

Output : Dielectric Strength i

l /' ™y
Display Results
Data Normalization - Display actual vs. estimated dielectric strength
Normalize input and output data using mapminmax and percentage error
J - Display overall performance y
Creat ANN 1
Initialize feedforward neural network with two Save
hidden layers, each with 10 neurons Save trained network and results to a file
Fi j T ' = I, B
Configure ANN — Fraining Loop
- Train ANN
- Configure network with normalized input - Predict using ANN
and output data - Denormalize the output
- Set data division parameters : - Calculate percentage error
(70 % training. 15 % validation, 15 % testing - Calculate performance (mean squared error)
- Set training parameters: - Check if all errors are below 0.9 %
(epochs, goal, min.gradient, max validation - If not, repeat training until conditions are met
failures, learning rate) or maximum epochs reached
. ~ K E

Figure 7: Detailed Flowchart of ANN Process



Figure 7 provides a detailed flowchart of the ANN process, including steps such as data
preparation, normalization, ANN creation, configuration, training loop, saving results, displaying
results, and example prediction.

The best results obtained for the ANN models as mentioned in table 1:

Table 1: First Set of Experiments (Time and Filler Concentration)

Filler

Time Concentration Actual Dielectric Estimated Dielectric Percent
(min) (%) Strength (kV/mm) Strength (kV/mm) Error (%)
10.00 0.00 36.00 36.00 0.01
10.00 2.50 44.00 44.00 0.00
10.00 5.00 48.00 48.01 0.02
10.00 7.50 58.00 57.97 0.05
10.00 10.00 81.00 81.09 0.11
20.00 0.00 48.00 48.00 0.01
20.00 2.50 47.00 47.04 0.08
20.00 5.00 56.00 56.00 0.00
20.00 7.50 65.00 65.00 0.01
20.00 10.00 85.00 85.02 0.02
30.00 0.00 44.00 44.00 0.01
30.00 2.50 46.00 46.00 0.01
30.00 5.00 61.00 61.00 0.00
30.00 7.50 72.00 71.99 0.02
30.00 10.00 76.00 75.99 0.01
40.00 0.00 41.00 40.99 0.02
40.00 2.50 44.00 44.00 0.00
40.00 5.00 60.00 60.01 0.02
40.00 7.50 69.00 68.75 0.36
40.00 10.00 70.00 69.68 0.45
50.00 0.00 35.00 35.00 0.00
50.00 2.50 40.00 39.98 0.06
50.00 5.00 55.00 55.03 0.05
50.00 7.50 60.00 59.96 0.06
50.00 10.00 63.00 63.05 0.08

The ANN model for the first set of experiments (time and filler concentration) demonstrated
excellent performance with an overall mean squared error of 0.000012. The percentage error for



the predictions was consistently below 0.9%, indicating the high accuracy and reliability of the
model.

Table 2:Second Set of Experiments (Temperature and Filler Concentration)

Temperature Conclillilt‘i" g tion Actual Dielectric  Estimated Dielectric ~ Percent
cO) (%) Strength (kV/mm)  Strength (kV/mm)  Error (%)
40.00 0.00 14.00 14.00 0.02
40.00 2.50 34.00 34.00 0.00
40.00 5.00 37.00 37.08 0.21
40.00 7.50 46.00 46.00 0.00
40.00 10.00 70.00 70.00 0.00
50.00 0.00 36.00 36.00 0.01
50.00 2.50 44.00 44.00 0.00
50.00 5.00 48.00 48.00 0.01
50.00 7.50 58.00 58.00 0.00
50.00 10.00 81.00 81.00 0.00
60.00 0.00 43.00 43.00 0.00
60.00 2.50 53.00 52.96 0.08
60.00 5.00 56.00 55.99 0.01
60.00 7.50 66.00 65.53 0.71
60.00 10.00 85.00 85.21 0.24
70.00 0.00 46.00 45.97 0.06
70.00 2.50 65.00 65.00 0.00
70.00 5.00 58.00 57.99 0.01
70.00 7.50 69.00 69.00 0.00
70.00 10.00 80.00 80.00 0.00
80.00 0.00 37.00 37.02 0.05
80.00 2.50 46.00 46.00 0.00
80.00 5.00 50.00 50.00 0.00
80.00 7.50 61.00 61.00 0.00
80.00 10.00 70.00 70.00 0.00

The ANN model for the second set of experiments (temperature and filler concentration) also
demonstrated excellent performance with an overall mean squared error of 0.000009 as
mentioned in table 2. The model achieved a perfect or near-perfect fit for most data points, with
percentage errors consistently below 0.9%, underscoring its accuracy and reliability.



Table 3: Dielectric strength (KV/mm) at 10 min for different temperatures.

' 40°C 50°C 60°C 70°C 80°C
Filler Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error
Zero% 14 14 0 36 36 0.01 43 43 0.00 46 45.97 0.06 37 37.02 0.05
2.50% 34 34 0.00 44 44 0.00 53 52.96 0.08 65 65 0.00 46 46 0.00
5% 37 37 0 48 48 0.01 56 55.99 0.01 58 57.99 0.01 50 50 0.00
7.50% 46 46 0.00 58 58 0.00 66 65.53 0.71 69 69 0.00 61 61 0.00
10% 70 70 0.00 81 81 0.00 85 85.21 0.24 80 80 0.00 70 70 0.00
Table 4: Dielectric strength (KV/mm) at 50°C for different times.
Filler 10min 20min 30min 40min 50min
Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error | Actual | Predicted | Error
Zero% 36 36 0.01 48 48 0.01 44 44 0.01 41 40.99 0.02 35 35 0.00
2.50% 44 44 0.00 47 47.04 0.08 46 46 0.01 44 44 0.00 40 39.98 0.06
5% 48 48.01 0.02 56 56 0.00 61 61 0.00 60 60.01 0.02 55 55.03 0.05
7.50% 58 57.97 0.05 65 65 0.01 72 71.99 0.02 69 68.75 0.36 60 59.96 0.06
10% 81 81.09 0.11 85 85.02 0.02 76 75.99 0.01 70 69.68 0.45 63 63.05 0.08




Table 3 shows the actual dielectric strength (KV/mm) results at 10 minutes for different filler
concentrations (0, 2, 5, 7.5, and 10) at different temperatures (40, 50, 60, 70, and 80). The ANN
model's calculated values and the actual measured values are compared as well in the table. The
results show that dielectric strength values obviously increase with increasing filler concentration
and temperature. The ANN model may be able to predict the dielectric strength values with
accuracy for other values that were not tested in practice. For instance, it was measured at 4%
filler concentration, with the expected dielectric strength being 38.35 kV/mm, the overall mean
squared error being 0.000009, the training performance being 0.000000, the validation
performance being 0.000045 and the test performance being 0.000009, with the new input
temperature being 45.00°C.

The actual dielectric strength (KV/mm) findings at 50°C for various filler concentrations (0, 2, 5,
7.5, and 10) at various times (10, 20, 30, 40, and 50 minutes) are displayed in Table 4. The table
also compares the calculated values from the ANN model with the actual measured values. The
results obtained demonstrate that dielectric strength values clearly rise as filler concentration and
time increase. For other values that were not tested in practice, the ANN model could be able to
predict with confidence the dielectric strength values. For example, the dielectric strength was
expected to be 55.23 kV/mm at a filler concentration of 4%, the training performance was
0.000001, the validation performance was 0.000000, and the test performance was 0.000069; the
new input temperature was set at 45.00 minutes. The overall mean squared error was 0.000012.
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Figure 8: Comparison between the actual and predicted dielectric strength (KV/mm) values for
different temperatures at fixed time (10 min) .



at differant time fixed temperature at 50°C

Predicted

Actual
/

40 -

20

Zero% 0.025 0.05 0.075 0.1

(Bo.92 So.08) Ti03

Figure 9 : Comparison between the actual and predicted dielectric strength (KV/mm) values for
different times at fixed temperature (50 °C) .

Figure 8 shows a comparison of actual and predicted dielectric strength in (KV/mm) values for
nano filler molds cured in an oven at 40, 50, 60, and 80 °C for 10 minutes. Figure 9 shows the
temperature being fixed at 50°C for varying times (10, 20, 30, 40, 50 minutes). Overall, there is
high agreement between actual and anticipated dielectric strength values. The dielectric strength
values gradually rose over time at fixed temperatures. Similarly, it gradually grew with rising
temperatures at a predetermined time. Higher mold temperatures typically speed up the curing
process of the binder or ceramic matrix into which the nanofillers are disseminated. This is
because heat supplies the activation energy that allows chemical reactions (such as cross-linking)
to proceed more quickly. There is usually an ideal temperature range for curing. Too low a
temperature might cause inadequate curing, which results in weaker, less dense materials. The
mold temperature has a direct impact on the final degree of cure, or the intensity of the chemical
reactions. More cure generally results in improved mechanical and thermal qualities. An
adequate mold temperature during curing helps to achieve excellent bonding between the
nanofillers and the matrix, as well as inside the matrix itself. This can greatly improve
mechanical qualities like tensile strength, flexural strength, elastic modulus, and fracture
toughness. Inadequate curing owing to low mold temperature might result in brittle materials.

Conclusion:

This study successfully investigated the dielectric and structural properties of epoxy
composites reinforced with nano (Baoo2 Sr.08)TiO3(BST) ceramic fillers for dielectric
applications. The research highlighted the significant influence of time, temperature, and filler
concentration on the dielectric strength of the prepared polymer nanocomposites.



The (Bao.o2 Sro.08)TiO3 Nano powder was synthesized using a sol-gel method, and X-ray
diffraction (XRD) analysis confirmed its tetragonal crystal structure, consistent with JCPDS card
number 440093. The SEM images revealed the cauliflower-like structure of the BST
nanoparticles and demonstrated that careful mixing procedures resulted in an even dispersion of
nanofillers within the epoxy matrix, despite some observed microcracks and voids at higher
concentrations. TEM analysis further showed that the received BT nanoparticles were relatively
homogeneous in size, ranging from 10—15 nm.

A key aspect of this research was the application of Artificial Neural Networks (ANNs)
to model and predict the dielectric strength of the epoxy/BST nanocomposites. The feedforward
neural network architecture, with two hidden layers, proved to be highly effective. The ANN
models demonstrated excellent accuracy in predicting dielectric strength for both sets of
experiments: varying temperature and filler concentration, and varying time and filler
concentration. The consistently low percentage errors (below 0.9%) and very low overall mean
squared errors (0.000012 for time/filler concentration and 0.000009 for temperature/filler
concentration) underscore the reliability and robustness of the developed ANN models. This
predictive capability is crucial for optimizing the fabrication process of BST/polymer
composites.

The results contribute significantly to understanding the complex interplay between
material composition and processing parameters on the dielectric properties of these composites,
offering valuable insights for their development in various engineering applications. The
proposed theoretical model for dielectric tunability based on the results further enhances the
predictive capabilities for future work.
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