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ABSTRACT Polymer nanocomposites are emerging hybrid materials for the production of energy storage
electrodes, biomedical sensors, and building construction materials. However, experimentation cost and time
can be unfavorable to their performance investigation. Therefore, using a modeling approach to predict the
electrical conductivity of polymer nanocomposite is an effective approach in mitigating experimentation
cost and time. Since the polymer nanocomposites’ electrical conductivity depends on several factors, the
engagement of efficient analytical models for predicting their properties, cannot be overemphasized. Herein,
this study developed a series-parallel model, which incorporates the connection between the polymer and the
nanofillers for the prediction of the electrical conductivity of graphene-polypyrrole (Gr-PPy) and reduced
graphene oxide/polyvinyl alcohol/polypyrrole (RGO/PVA/PPy) nanocomposites. In addition to explicit
modelling, an artificial intelligence approach (neural network) was also explored for the prediction tasks.
The results of the models in an entity and when compared to an existing model, show flexibility and accuracy
for the polymer nanocomposites electrical conductivity prediction. It can be inferred that the model can be
suitable to predict the electrical conductivity of polymer nanocomposites.

INDEX TERMS Electrical conductivity, energy storage, graphene, modeling, nanocomposite, polymer.

I. INTRODUCTION graphene and its derivatives offer a wide range of applications

Graphene (Gr) and its various derivatives are suitable filler
materials for conductive polymers to achieve high electrical
conductivity for battery electrodes. As a carbonaceous mate-
rial, graphene and graphene derivative polymer nanocom-
posites are characterized by exceptional electronic properties
due to their high electrical conductivity [1] and porosity [2].
Besides the electrical conductivity enhancement of polymers,

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhaojun Steven Li

VOLUME 11, 2023

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

due to their flexibility and exceptional mechanical, thermal,
and chemical properties [3].

Polypyrrole (PPy), a conducting polymer, is a multi-
functional polymer whose applications extend to the man-
ufacturing of electronic devices, such as optoelectronic
devices [4], sensors, water waste remover [5], and super-
capacitors [6]. However, polypyrrole has a poor cycle life
in charge/discharge duty and poor thermal stability at high
temperatures [7]. For this reason, the electrochemical and
thermal properties of polypyrrole must be tuned as a means to
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effectively exude the full advantage of the valuable properties
of the polymer.

Polyvinyl alcohol (PVA) on the other hand, is a biocom-
patible/biodegradable polymer, possessing quality properties,
such as: flexibility, nontoxicity, high tensile strength and
thermal/chemical stabilities [8]. In addition, PVA has the
advantage of solubility in water: the solubility property of
PVA makes it dispersible on graphene, metal oxides, and
polymers to form homogenous composites. Nevertheless,
PVA is a nonconducting polymer, a scenario that hinders its
utilization in many electronic devices. However, the excellent
mechanical, thermal, and chemical properties are beneficial
to electrochemical electrodes when composited with suitable
fillers. In this case, the intrinsic properties of the poly-
mer is retained while synergistically functioning in polymer
nanocomposite electrodes [9].

The properties of polymer nanocomposites act as promi-
nent factors responsible for their versatile application areas.
This, is due to the possibility of tuning the properties of
polymers by introducing polymers, metal/metal oxides, and
carbonaceous materials. For energy storage electrodes, the
electrical conductivity of electrodes must be high enough in
order to accommodate the high energy demand of electric
vehicles and grid energy load balancing. A very high current
rate, which frequently occurs when a large number of charge
carriers are needed, is a function of the electrical conductivity
of the electrode active materials. Hence, the electrochemical
capacity and performance of batteries depend on the electrical
conductivity of the electrodes: a low electrical conductiv-
ity suggests low-capacity electrodes and vice versa [10].
Therefore, studying the electrical conductivity of polymer
nanocomposite electrodes is essential to their performance
specifications. The total resistance of polymer nanocompos-
ite can be represented as the sum of the tunneling and intrinsic
resistance, as presented in Equation (1), [11], [12].

Rpe = Ri + R, M

where R;, R, and R),¢, are polymer nanocomposite electrodes’
intrinsic, tunneling, and effective resistance. Generally, the
electrical conductivity of polymer nanocomposite is con-
trolled by filler volume fraction, size, shape, orientation,
porosity, and aspect ratio [13], [14]. These factors can be
thoroughly understood by modeling and computer simula-
tions. Modeling and computer simulation of the electrical
conductivity of polymer nanocomposites will reduce exper-
imentation time, cost, and susceptible errors.

This study modeled and simulated the electrical con-
ductivity of graphene/polypyrrole (Gr-PPy) and reduced
graphene oxide/polyvinyl alcohol/polypyrrole (RGO/PVA/
PPy) nanocomposites. The electrically conductive network
of the nanocomposite is subject to several factors, such as:
the intrinsic properties of the filler and the polymer matrix,
and the preparation method. The filler aspect ratio is another
factor which influences the effective properties of composite
materials [15]. Percolation theory is often used to explain
that at any region of the composite, there is a likelihood for
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conduction to take place due to the sufficient interconnect of
the particles [16]. The percolation path formed by the ran-
dom distribution of conductive filler on the polymer matrix,
is most suitable for proper characterization of the composite.
When the percolation threshold is attained at low quantity of
conductive filler, the composite can be said to be kinetically
percolated [17]. The mathematical modeling of the electrical
property of polymer nanocomposite, is the most viable means
to observe the impact of the various factors on which the prop-
erty polymer nanocomposites rely. The percolation threshold
and the saturation point of the polymer nanocomposite can be
adequately determined using modeling. Therefore, to further
explore the versatility of models in characterizing the elec-
trical properties of polymer nanocomposites, two modeling
approaches were developed and engaged in this study, to char-
acterize the electrical conductivity of polypyrrole, polyvinyl
alcohol, and graphene nanocomposites. The first modeling
method is an analytical approach which considers the ran-
dom series and parallel connections of the nanoparticles. The
second approach is the use of artificial neural network. The
artificial neural network is expected to precisely present and
predict the dynamic relationship of polymer nanocomposites
input and output [18].

Furthermore, the aim of this study is to propose the
series-parallel model as well as an artificial neural network
approach for the prediction of the electrical conductivity
of polymer nanocomposite. The objectives include: (1) the
development of a novel electrical conductivity model based
on the series and parallel contact of polymer and additives
(2) the quantification and verification of the developed model
by using a machine learning approach. The model formu-
lation is presented in Section II; Section III provides the
materials and experimentation of the investigated polymer
nanocomposites. Section IV gives the details results and dis-
cussion of the study. Concisely presented in Section V is the
conclusion of the study. The results of the models showed
good correlation with experimental measurements.

Il. MODEL FORMULATION

Based on the industrial applications of polymer nanocom-
posites, ample experimentations have been conducted on the
investigations of their various properties, such as electrical
conductivity, mechanical strength, and thermal and chemical
stabilities [19], [20]. However, experimentation alone cannot
provide enough information about the nature of polymer
nanocomposites. Theoretical models are useful tools in quan-
titatively predicting the effective electrical conductivity of
polymer nanocomposite. In addition, the parametric analysis
of the composite can be intensively, precisely, and concisely
carried out with high accuracy.

Mixture models have been applied in earth science to
analyze the electrical conductivity properties of soil. For
example, Archie’s mixture model has been widely engaged to
observe the relationship between soil electrical conductivity
and water content [21]. The modified Archie’s law of mixing
model, which can predict the electrical conductivity of the
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two-conducting phase, is presented in Equation (2) [22].
o =o1(1 =AY+ \" 2)

where o1, 0 are the conductivities of the insulating and the
conducting phase; p and m are connecting exponents; A is
material’s volume fraction.

A. SOME EXISTING MODELS FOR POLYMER COMPOSITES
ELECTRICAL CONDUCTIVITY PREDICTION

In previous years, several models have been developed to
characterize the electrical conductivity of polymer compos-
ites. The power law model, shown in Equation (3), is one
of the earliest models for predicting polymer composites’
electrical conductivity [23].

o =op(V — V[,)’ 3)

where o, 09, V, and V), are the composite electrical con-
ductivity, filler intrinsic electrical conductivity, filler volume
fraction, and percolation threshold; t is the connecting expo-
nent. The power law model presents an established basis
for the prediction of the insulator-semiconductor-conductor
transition of polymer and their nanocomposite. However,
the power law model is not precisely accurate for the pre-
diction of polymer composite electrical conductivity [24].
In a broader terms, the contact resistance between con-
ductive filler and polymer matrix determines the effective
electrical conductivity of the polymer composite. Therefore,
Kovacs et al. [25] introduced resistances within the transi-
tive conduction regions of polymer composite. As shown
in Equation (4), the model of Kovacs et al., was set-up to
contain the radius (r) and resistance (R) of the particles and
the contact resistance (Rc) [25].

B V¢(2x+l). i

b = 4
R+ Rc 27 r? )

where ¢ is the filler weight fraction, and x is the control
exponent. One of the deficiencies of this model is its lack of
consideration of the matrix’s intrinsic parameters. Moreover,
the electron tunneling between a filler and matrix, is a func-
tion of the contact between the nanoparticles. In other words,
the transition of a polymer from an insulator to conductor
or from semiconductor to conductor, largely depends on the
contact between the composite nanoparticles.

As presented in Equation (5), Deng and Zheng [26] devel-
oped an analytical model which considered random orienta-
tion of carbon-nanotube (f), filler and matrix conductivities
(or, 0p), and effect of contact resistance (u?). According to
Arjmandi et al. [27], Deng and Zheng model is insufficient
to describe the effects of tunneling and contacts in polymer
composite electrical conductivity.

2
U:Mfdf
3

+ op 5)
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B. THE PROPOSED SERIES-PARALLEL MODEL

The conductivity of polymer nanocomposites can be treated
in a similar manner to the conductivity of soil in relation to
water content. However, the complex distribution of fillers
on a polymer matrix requires a simple but precise model
for the proper characterization of polymer nanocomposite
properties. The properties of polymer nanocomposites are
functions of the properties of the materials composited [28].
Two mixture scenarios can be deduced from the contact of
the composites, which are:

1) series contact
2) parallel contact

First, the model of Kirkpatrick [29] was considered to
derive the series-parallel model proposed in this study.
Kirkpatrick stated that the random arrangement of composite
materials, influences their electrical conductivities in diverse
ways. The random arrangement can either be in series or
parallel, or both. The conducting filler and the polymer matrix
with a weight fraction of ¢, is expected to have a conducting
weight fraction of 1 — ¢. Rhodes et al. [30] argued that
bulk composite (e.g. soil) electrical conductivity results from
parallel conductors of liquid-phase and bulk conductivities of
the materials. That is, the electrical conductivity of the com-
posite is a function of the tunneling of electrons within the
pores of the composite materials, the intrinsic conductivities
of the materials, and the interfacial resistances. The electrical
conductivity of polymer nanocomposites, can be treated in
the light of Rhodes et al. argument. Hence, in this study,
polymer nanocomposite electrical conductivity is assumed to
be as a result of the contribution of series and parallel random
contacts of composited materials.

Therefore, for an effective prediction, the electrical con-
ductivity of the composite can be estimated by the addition
of the series and parallel contact of the materials. For the
parallel connection of the materials, Equations (6)&(7) are
as presented. The formulated electrical conductivity equation
follows the assumption of literature [31].

1 1 1
— (—) é1 + (—) (%) (6)
o \oy %

1 _ opé1 +oréo )

o orop

where o, oy and o0, are the electrical conductivity due to
parallel contact, filler electrical conductivity, and polymer
electrical conductivity; ¢1 and ¢, are the filler and polymer
weight ratios.

The series connection assumes that the electrical conduc-
tivity, oy, is a sum of the contributing materials with respect
to their volume fraction, as given in Equation (8) [32].

05 = arP1 + opd (8)

Therefore, the effective electrical conductivity can be writ-
ten as presented in Equation (9):

Oeff = Oc + Oy 9
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hence,
Oeff = (M) 1 +ord1 +opd2 (10)
UfO'p
_ 9f0p + (97 ¢1 + 0p¢2)(0pb1 + 07 $2) (11
opP1 + or 2
o — orop(1 + &7 + ¢3) + ¢1¢2(07 + 0;) 1)
o opd1 + ord

Dividing the numerator and denominator of Equation (12)
by op¢1:

of(1+ 67 +¢3)¢; ' + (07 + o)pr0, !

. — 13
Ueff 1 N o (ﬁ) ( )
Op o1
And substituting the non-variable values as: p, i, and §:
p(1+ 97 + ¢Dp; ' + g
Oeff = (14)

S
1+5(@)

The mixing condition obeys [33] and it is as shown in
Equation 12.:

d1+dr=1..=1-¢10<¢1 <1;0<¢ <1
(15)

Therefore, Equation (16) gives the effective electrical con-

ductivity of the polymer nanocomposite without connecting
exponent.

20(1 — ¢1 + Db + (1 — 1)

By applying the connecting exponent, ¢t [29], Equation 16
becomes:

t
20 (L= g1 +D1") +n -1

1=

1+ (52
The series-parallel polymer nanocomposite electrical con-
ductivity model, derived in Equation (17), is expected to
link all the conducting channels in the nanocomposite and
accurately predict the saturation point. In this case, the

weight fraction (¢) is the independent variable, while other
parameters, are calculated.

7)

Oeff =

C. PROPOSED ARTIFICIAL NEURAL NETWORK (ANN)
ARCHITECTURE

Artificial neural networks are computational tools that mimic
human brain behavior by storing experiential knowledge
and being able to reproduce it for use at any time [34].
An artificial neural network is a cognitive model; therefore,
it can potentially model the nonlinear relationship between
the electrical conductivity of polymer composites and the
influential parameters. The electrical conductivity of polymer
nanocomposite is usually a nonlinear curve with respect to
volume fraction. Hence, the applicability of artificial neural
networks to polymer composites’ electrical conductivity pre-
diction is significant. The artificial neural network model’s
general benefits include: cognitive ability relating to precise
prediction; effective nonlinear statistical modeling; and its
ability to manipulate large data sets [35], etc. In this study,
the independent parameters considered in the artificial neural
network model are the calculated values of the parameters
from the series-parallel model. Figure 1 shows the study
artificial neural network model.

7 = 145 (ﬂ) (16) The study model, shown in Figure 1, was trained by
1 the Levenberg-Marquardt algorithm (LMA). As shown in
P Input layer Output layer

S, _/,./"// g k- \\n
'y ) e conductivity
7 4 4
s ’ 3 (/

Hidden layer

Electrical

Output

FIGURE 1. Study artificial neural network model.

92878

VOLUME 11, 2023



O. Folorunso et al.: Development of Series-Parallel and Neural-Network Based Models

IEEE Access

Figure 1, the input, hidden, and output processes are allo-
cated with input neurons, a transfer function, and output
neurons. Levenberg-Marquardt is an algorithm developed to
solve nonlinear regression problems; the model is a combi-
nation of Gauss-Newton and gradient descent methods [36].
In this study, the Levenberg-Marquardt algorithm, shown in
Equation (18), was used to train the tangent sigmoid transfer
function, Equation 19 [35], [37].

o
e
(JTJ 4 /\1) mm = JTE (19)

Vi (18)

where y; and x;, are the output of the neuron and the weighted
sum of input to neuron; J is the Jacobian matrix, A\ is the
dampen-parameter, / is the identity matrix, E is the error
vector, and Ay, is the input parameter adjuster.

Ill. MATERIALS AND EXPERIMENTATION

The datasets for the series-parallel electrical conductivity
model were obtained from laboratory experimentation of
graphene nanoplatelets loaded-polypyrrole [38] and reduced
graphene-oxide loaded polyvinyl alcohol/polypyrrole
nanocomposites [39].

The preparation method of the nanocomposites involves
the use of solvent solution blending. The exfoliated graphene
in the composite of Gr-PPy, was dispersed in deionized-water
by ultrasonication process; furthermore, the mixture of
the exfoliated graphene and polypyrrole, was magnetically
stirred, filtered, and dried. In addition, the production of
RGO/PVA/PPy nanocomposite, was achieved by the dis-
solvement of PVA in deionize water under magnetic stirring.
The mixture of PPy and RGO obtained by ultrasonication
process, was loaded onto the PVA, magnetically stirred,
filtered, and vacuum-dried. The measured electrical conduc-
tivity of the samples, are as shown in Figures 2&3. Note
that the electrical conductivity of Gr-PPy nanocomposite
data, was smoothened by 3-order polynomial function. The
processed electrical conductivity data for RGO/PVA/PPy
nanocomposite, has twenty-one-data points, while Gr-PPy
nanocomposite, has seven-data points.

IV. RESULTS AND DISCUSSION

The electrical conductivity of polymer nanocomposite mod-
els, are usually used to describe the non-linear behavior and
the dependency of the electrical conductivity of polymer
nanocomposite on the volume fraction of nanocomposite
filler. In addition, the effect of electrical conductivity on
energy storage is directly proportional to the performance rate
of the storage electrode.

As shown in Figure 2, the electrical conductivity measure-
ment of the Gr-PPy nanocomposite displayed a percolation
threshold at about 0.15 wt (%) of the graphene content in
the conductive polymer matrix. The linear characteristics
of the conductivity with respect to the graphene weight
fraction begins at about 0.15 wt (%) to 0.25 wt (%). The
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FIGURE 2. Gr-PPy nanocomposite electrical conductivity data.
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FIGURE 3. RGO/PVA/PPy nanocomposite electrical conductivity data.

saturation point begins at about 0.25 wt (%). At saturation,
the electrical conductivity of the nanocomposite is no longer
dependent on the filler content. Similar trend is also observed
for PVA/PPy/rGO nanocomposite electrical conductivity data
shown in Figure 3.

Possibly, the adjustment of the electrical conductivity
of polymer nanocomposites is a route to the control and
improvement in the storage capacity, cycling, charge, and
discharge of electrodes [40]. Therefore, the study of the elec-
trical conductivity of polymer nanocomposites is central to
developing substantive electrodes for grid power applications
and electric vehicle advantage.

In order to test the performances of the developed
series-parallel polymer nanocomposite electrical conductiv-
ity model, the experimental data from the RGO/PVA/PPy
and Gr-PPy nanocomposites, were engaged. Figure 4 shows
the comparison of the developed series/parallel electrical
conductivity model with the RGO/PVA/PPy nanocomposite
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TABLE 1. Series-parallel model performances.

Nanocomposite | Parameters | Parameter values | Standard Error | Standard Error (per | R2 R2-adj
unit)
p(S/m) 0.41 0.034 0.08
RGO/PVA/PPy |t 3.81 0.43 0.114 0.995 |0.994
w(S/m) 20.12 14.284 0.71
d(p.u) 3.51 0.426 0.12
p(S/m) 21.00 5.85 0.28
Gr-PPy t 3.00 0.27 0.09 0.998 10.995
w(S/m) 9009.00 654.50 0.07
d(p.u) 0.08 0.02 0.30
il T T ] 2500
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W80 s FIGURE 7. Comparison of RGO/PVA/PPy nanocomposite with Kovacs
[ <& Gr-PPy Electrical Conductivity model
600F s .
B Series/parallel model
’,—"‘ ---- 95% Lower Confidence .
A0p—" s 95% Lower Confidence 1 Table 1 provides the model’s calculated parameters for
200 : ‘ ' ! ‘ RGO/PVA/PPy nanocomposite. Also shown in Table 1, are
0.05 0.1 0.15 0.2 0.25 0.3 0.35

Weight Fraction wt(%)

FIGURE 5. Series/parallel model for Gr-PPy nanocomposite electrical

the statistical accuracy of the model. Furthermore, Equation
(20) provides the equivalent series/parallel electrical conduc-

conductivity prediction.

electrical conductivity data. As shown in the figure, the
developed series-parallel electrical conductivity model sub-
jected to the electrical conductivity data of RGO/PVA/PPy
nanocomposite displayed a good level of prediction of the
conductivity of the nanocomposite. The agreement of the
model with the experimental data confirms the model’s
capability to estimate the nanocomposite’s conductivity.

92880

tivity model for the RGO/PVA/PPy nanocomposite.

)3.81

082 ((A—x 4+ xM)x™ )™ +20.12(1 — x)*¥!

143.51 (‘1)3'8]

X

Geﬂ‘

(20)

Moreover, the applicability of the model is tested on the
electrical conductivity of Gr-PPy nanocomposite, shown in
Figure 2. From the results of the series-parallel electrical
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TABLE 2. ANN model predictive results and performance for RGO/PVA/PPy nanocomposite.

Data points 1 3 5 7

9 11 13 15 17 19

Predicted error (%)

(S/m)

Measured value (S/m) | 0.57054 | 0.60583| 0.67769 | 0.79387
0.13300| 0.54965| 0.97242| 0.01133
Mean (30 runs) (s/m) |0.58130|0.59440 | 0.69848|0.78479

Median (30 runs) | 0.57790 0.60580 | 0.68509| 0.79389

0.93986| 1.08249| 1.21047| 1.32998 | 1.42690 | 1.48900
0.525610.27806 | 2.58329 2.40003 | 0.59570 | 0.12760
0.92738| 1.06353 | 1.18843| 1.36015| 1.44361 | 1.50295

0.93985| 1.08457| 1.21046| 1.32997| 1.42690 | 1.48900

TABLE 3. ANN model predictive results and performance Gr-PPy nanocomposite.

Data points 1 3

7 9 11 13

Measured value (S/m) | 559.41 | 608.55

Predicted error (%) | 0.31 1.39

808.44

0.0025 |0.0091 |0.029 |0.23 1.73

1201.88| 1579.14| 1791.14| 1869.33

Mean (30 runs) (S/m) | 565.40 | 613.78 | 783.57 | 1238.57| 1568.58| 1799.95| 1888.91

Median (30 runs) | 559.41 | 608.55 |808.44 |1201.88|1579.58|1791.14| 1869.38

(S/m)
- ining: R= o0 ot B S o ]
< Training: R=1 r Validation: R=1 o Training: R=0.9963 2 Validation: R=1

. -—
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(] 600 80010001200140016001800 & 600 80010001200140016001800

FIGURE 8. Model regression for RGO/PVA/PPy nanocomposite electrical
conductivity data.

conductivity model, its capability is revealed as a suitable
model that can be used to predict the electrical conductiv-
ity of multi-fillers and their nanocomposites. Without prior
knowledge of electrical conductivity, the model is capable
of predicting the conductivity of the additives and the fillers
in nanocomposites. As shown in Figure 5, the developed
model predicted the electrical conductivity of the Gr-PPy
nanocomposite with high accuracy. Table 1 also provides the
model’s performance results. The per unit error showed that
there is a minimal error in the calculated parameters of the
model. Moreso, the statistical value of how close the con-
ductivity data is to the regression line, evident the suitability
of the model in quantifying and characterizing the electrical

VOLUME 11, 2023

Target Target

FIGURE 9. Model regression for Gr-PPy nanocomposite electrical
conductivity data.

conductivity of polymer nanocomposites. From the results of
the predicted electrical conductivity of the Gr-PPy nanocom-
posite, Equation (21), is as presented. An observation from
the two electrical conductivity data is that the connecting
exponent is within the same range of values. Hence, this
model is suitable for calculating the transport properties of
polymer nanocomposites.

41 ((1=x + xx 1> 1 9009(1 — x)300
Oeff = 3.00 (21)

14008 (52)”

92881



O. Folorunso et al.: Development of Series-Parallel and Neural-Network Based Models

IEEE Access

06871 | STOV'T| 69T 1| T1Z8ET| 00EET| STLTT| SOITT| ¥8EI'T| 9¥80T| 9STOT| 66€6'0| €#S8'0| 6E6L0| SOEL'0| TS89°0| 99€9'0| 8S09°0| 6LLSO| 6LLSO | UBIPIN

0€0S'T| L¥8¥'T| 9€v'T| #SOF'T| CO9ET| TL6TT| #88T°T| OITI'T| S€90'T| STIOT| #.T6'0| #978°0| 8¥8L0| T8¥L'0| S869°0| 0929'0| S¥6S0| #I8S°0| +I8S0| UBSN

191L'T | 660TCT| €98€°C| 8600C| 6v67'1| SOEF'T| 6THTT| 88T60| €SI80| 8S6L0| $659°0| ISEF0| T9L+°0| 0OSST'T| 6¥IOT| 86SL°0| 88E1°0| 9THE0| 9THEO

€EOV'T| PIOVT| T06ET| 1S8ET| SICET| ¥OLTT| ¥E9T'T| 99ITT| 9¥60'T| LSYO'T| 19%6°0| TLESO| €86L°0| LLTLO| 8S89°0| 91€9°0| T8I90| 8I8S0| 8I8S0

068%'T| STOV'T| 69THT| LE6ET| 00EET| STLTT| SOITT| 8FLOT| 6196°0| S9STOT| ¥SHO'T| TE98'0| 6E6L0| PSOEL'O| 6L690| 99€9°0| S099°0| 6LLSO| 6LLSO

6V19'T| STOVT| 69TH 1| TT8ET| 00SET| STLTT| 66860| TLIGO| 9¥16°0| 9SIOT| 8S00'T|9¥SH80| 6€6L°0| SOELO| LLLOO| 99€9°0| 8S09°0| 6LLSO| 6LLSO

1987’ T | SOV 1| 9€TH'T| CTESET| €HTET| 69LTT| 610TT| TLET'T| L980'T| ¥LIOT| 00T6'0| 9SE€80| +S6L0| TGTLO| 06L9°0| SOT90| 00190 | 00LS0| O00LSO

068%'T| STOV'T| 69T T| TC8ET| 00EET| STLTT| #EST'T| SITT'T| ST8O'T| 9STOT| 66€60| CTE98'0| TSESO| STOSO| 8LELO| 99€9°0| €£06'0| 6LLSO| 6LLSO

0687’1 | STOF'T| 69T 1| 1T8ET| 00EET| STLTT| SOITT| TI9II'T| THSO'L| 9SI0T| 66€60| 9CES0O| 6£6L0| SOELO| LLLYO| SH6S0| 6L6Y'O| 6LLSO| 6LLSO

0€6V'T| T99V'T| ¥6EV'T| SSTHT| TSTET| E€LLTT| TT6T'T| LETI'T| 9¥80'T| 6¥0TO'T| STI6'0| 6¥T80| S96L0| LLYLO| 6T690| T1029°0| T6S8SO| ¥199°0| +199°0

968%'T| OVEET| €9TH 1| SOSLT| 0STET| T¥6TT| 06€TT| €6€1T| L680T| +FIOT| 9026°0| 6¥980| 9878°0| €ITLO| 1€69°0| 9699°0| 988S°0| STLSO| STLSO

688%'1| STOV'T| 69TH 1| 1T8ET| 66C€T| STLTT| SOITT| L9PI'L| S9OI'T| STEOT| 66€6°0| TE980| 6£6L°0| SOELO| 8679°0| 008€0| STOTO| SOLSO| SOLSO

068%'T| STOV'T| 69TH'T| 0T8ET| 66T€T| TL8TT| SOITT| LOVI'T| STSO'T| 0986°0| 86£6°0| T1€98°0| 6£6L0| S689°0| +999°0| 99€9°0| 8S09°0| SOLSO| SOLSO

66vF' 1| STOVT| 69TH 1| TT8ET| OITET| STLTT| SOITT| 6LTI'T| STBO'T| OLSOT| 66€6°0| TE98O0| TSES0| 09ILO| LLLOO| 99€9°0| 8S09°0| £S850| €S8S°0

0687’1 | STOF'T| 6001 | TT8ET| 6S6LT| SITYT| 996TT| LOVI'T| STBO'T| 9SIOT| 66£6°0| TE980| 6£6L0| SOELO| LLLYO| LOYO'0O| 8S090| SOLSO| SOLSO

P8LY'T| SLOET| O9ETE€T| 6€8ET| ¥8VET| TOLTT| €vPT'T| LLOT'T| LOOT'T| ¥SIT'T| €900°T| ISYL'O| S889°0| CTO6ELO| L689°0| CTLO9O| OSTOT| ¥ILSO| +ILSO

€LY T | SLLY'T| L60V'T| 1C8ET| T1#08'T| 6TE9T| TO6CTT| OLET'T| TI¥80°T| €9I0T| ¥LI60| TOS8O| 6708°0| TLTLO| #¥89°0| 09€9°0| L8I90| LILSO| LILSO

0687’1 | STOF'T| 69THT| T1T8ET| 00ECT| LSOTT | €OESOT| LOVI'T| 8SET'T| 9SIOT| €S€6'0| TE980| 6£6L0| SOELO| LL69O| 99€9°0| 85090 | 6LLSO| 6LLSO

068%'T| 68SY'T| 69THT| TC8ET| 00EET| STLTT| SOITT| LOVI'T| TTOT'T| 9STOT| 9688°0| 6I780| 6£6L0| SOELO| LLLYO| 6T8S0| 9LSY'O| 6LLSO| 6LLSO

LOTET| STOVT| 69TH 1| TT8ET| 00SET| STLTT| SOITT| L9PI'L| SLOL'T| 1601 | 66€6°0| TEE8O| 6€6L°0| TTILO| LLLOO| 99€9°0| 8S09°0| £S850| €S8S0

100S'T| 60LF'T| €SOV'T| T9SET| TI9ET| 006TT|0988T°'T| STEI'T| $L60'T| SE€66°0| 8TSS0O| 01C80| +H080| €ITLO| 8€69°0| S099°0| #9780 | 0S8S0| 0S8S0

068%'T| 809€'T | SE6TET| TT8ET| T6TET| OFPLTT| ¥9ITT| ¥OST'T| 9¥80'T| T6COT| T6€6°0| 6628°0| 6£6L0| SOELO| 99L90| S90S0| T9090| #8LS0| +8LS0

I6LF 1| STOVT| €€9% 1| #LLET| 8EOET| IT8TT| CTLITT| ISITL| 06LO'T| 6EL0'T| #896°0| SEE80| S96L°0| 0OTTLO| LO690| TL¥9O| SEOEO| 0T8S0O| 0T8SO

888F'T| 8TOV'T| 89THT| TTSET| 66TET| ¥98TT| €SOTT| 6EPTT| LL8O'T| OTIOT| 1TS6'0| S698°0| TTESO| 898L0| ¥¥89°0| 06€9°0| 6¥8S0| 8LLSO| SLLSO

068%'T| STOV'T| 69THT| T1T8ET| S198°0| S986°0| SOITT| LOVI'T| ST8O'T| 9STOT| 66€6°0| CTE980| 6£6L0| E€IOLO| LLLYO| 99€9°0| 8S09°0| T9T80| €978°0

8CLL'T| L¥89'T| TESET| 8THOT| TEEOT| €€8ET| 8S96°0| LIL8O| #¥80| LOESO| 9TH80| 97880 | 9688°0| +¥¥80| SE69°0| +TLFO| €¥90°0| 8SOE0| 8SOE0

068%'T| 9COV'T| 89TH'T| TC8ET| L8TET| TILTT| €LITT| TSYI'T| T1980°T| SHIOT| 96€6°0| €8S8°0| SO6L0| 90EL0| 66890 | LIE90| 9ESOT| 9IS80| 91580

068%'T| STOF'T| 69THT| 9S6€T| 00EET| STLTT| SOITT| LOVI'T| ST8O'T| 9SI0T| 66€6°0| CTE98°0| 8880 | SOELO| 9¥I8O| 9¥S6'0| 90060 | 6LLSO| 6LLSO

129V 1| STOV'T| LThy' 1| 1T8ET| O00EET| STLTT| SOITT| LOVI'T| STRO'L| 9SIOT| 66€60| ¥SES0| 6£6L0| SOELO| TBEYO| 160S0| 8S09°0| €S8S0| €S8S0

PPCST| 6LIVT| THOET| SI6ET| #90€T| TCOET| 96¥TT| 98TI'T| 9¥80'T| LSSO'T| 6EL6'0| 8698°0| SET8O| 991L°0| T889'0| T8Y9'0| 6£€S0| S9850| S98S0

T68F 1| €TV | TLTH 1| SISET| SIIECT| €TLTT| 6€0TT| +9¥1I'I| 9980°T| I6I0TT| 80S8°0| 90€9°0| 1965°0| TOELO| I8L9°0| 99€9°0| €819°0| SS8S0| S$S8S0

6881 | LTOV'T| LOTHT| TTOE'T| 66TET| T1TLTT| HLITT| 99¥T'T| 86ET'T| €THOT| 8¥E60| 0S98°0| OL6LO| 90EL0| €£69°0| 99€9°0| 6S850| 6LLSO| 6LLSO

)| ws)| @) | @) @@s)| @) @S| @s)| (@s)| (@s) syurod
61 81 L1 91 Sl vl €l 1 11 01| (wS)e| (w/s)8| (w/s)L| (w/s)9| (w/S)s| (wy/s) ¥ | (w/s)¢| (w/s)g| (w/s) | ee(

-ayisodwodoueu Add/W¥Ad/ODY 10} duewiopiad pue synsai aapIpaid [ppow NNV “# 319VL

VOLUME 11, 2023

92882



IEEE Access

O. Folorunso et al.: Development of Series-Parallel and Neural-Network Based Models

8€°6981 | S6°TE8I | vI'T6LI | SI'L891 | 8S6LST| ¥E€'88¢I | 88'10CTI IS6L6| ¥¥808| 99¥IL| SS'809| O0c¥8S| 1¥#68S| UBIPIN
168881 | €€°6C61 | S6'66L1 | OSE€ILI | 8S'89ST | 60V6El | LSBECI | ¥SH¥96| LSEBL| 6£699| 8LEI9| 1L7T9S| 0S99 UeoN
96C081 | CI'88€T | €L¥08I| 88°90LI| OV 1091 | ¥IVIvI| €F9LIT €E9L6| SEI9L8| LYVIOL| €88S9| I¥I6S| T966S
OI'SLLY | SS'G88T | LL'S6LI| 8TT691 | vT60¥I | S89ETT| $6'8Er] 10C86 | T9'0SL| SI'8CL| TELOEL| TTO9Y | ¥601S
08°C8LT | SI'SEBT | 8T'8OIT| SELILI| TT°0SST| 09 I¥SI| Peesyl LE086| 06'LE8| €9°60L| 86'8L9| 08799 | 6L9CS
YEOCIT| ¥6'TEBT | ¥9'SELI | SI'L89T | 8S6LST | CTT8BFI| 88'10CI IS6L6| +¥'808| €0C09| 95809 | O0€T8S 17°6SS
YO'EVIT| ¥6'CE€81 | VI'TOLI | OV ILOCT| 8S6LSI| PE88El| TV EIVI I1S°6L6| €€9I8| 99¥VIL| SS809| O0c¥8S| I¥6SS
€C°6981 | ¥TOLIT| ¥I'T6LT | SI'L8IT | 8S'6LSI| 69¥8CI | 88'10CI IS'6L6| ¥¥'808| 99¥IL| 6S809| 0TLEL| 18V6Y
€V'6981 | 8LISET| P8T6LI| ¥L989T | TI'LLST| T16°68€I | TE LTI LY'6L6| TO98L| 99FIL| T606C| LTHY8S| 8¥6SS
90°6€0C | ¥6'CE8T | YI'I6LI | SI'L89T | 8S'6LST | OLOLYI | 88°10CI SY'Cco| vr'808| 99VIL| S9€CS| TEVBS|  TP6SS
61781 | vET1991 | S9°STSI | 6TYLST | 68CLST| $S99¢1 | S¥9Tel | LO'BOOI | 09%0L| 9€TCCL| SI'LSO| €I'I¥S| 1TTLS
P8TBLI | 8€°0€81 | 88'S8LI| STICOI| 89¥6¥I | 8€96€1 | SS88TI 8G°0L6| TY'EOL| SSSTL| 69016| 6L+8S| 856C8
€€'6981 | ¥6'CE8T | VI'TOLT | SI'L8IT | 0S'S6SI | SESSOI | 9TI8SI IS6L6| ¥¥P'808| 99¥IL| SS809| 0TIES| I1¥6SS
€C'6981 | ¥6'CE81 | ¥I'T6LI | STLIST | 8S'6LSI| +E'88EI ST8EY | 1S°6L6| 6T688| 99FIL| SS809| PLO9S| I¥'6SS
€CLT8I | 16°8C0C | 8S98LI | ILT1691 | 8S0VST| ¥O'LLET | ¥8FOTI | 68SE6| 9SE6L| PSOTSL| €¥086| 6£88S| 88689
€€'6981 | 86'¥SOC | ¥I'T6LT | SI'L89T | 8S'6LSI| OF'60SI | T6'9SSI IS6L6| ¥¥'808| 99¥IL| 65809 | 0c¥8S| 6896L
98°080C | ¥6'CE81 | vI'I6LI| SI'L89T | 00°C9SI | ¥E€88CI| 88°'10CI | CTL¥801 L6TTO| 99FIL| SS809| 0C¥8S 17°6SS
88'CLEC| P6'CE8I | C8'E8EI| SI'L8OI| 8S6LST| PE88EI| 88°10CI IS'6L6| 6L°6£8| 99VIL| SS809| O0c¥8S| 11898
oI'6c6l | ¥6'TE81 | 09'LE0CT| 68°CI6l | LBI8ST | 6T8BEl| 6£T8EI €V'6L6 |  ¥L908 16°CIL| TCPI9| TI'TLS| T0'€9S
PP6981 | 96TE8I | SS9LET| TI'6LLI | LVLPST | ¥E€88EI| 88°10CI PS6L6| SP'808| SOVIL| 9S809| 8IISY| 6£6SS
8L'EL8T | SI'VS8I| O8'ICLI| €6'8891 | €EILLL| L69¢91 €0'686 | 19'6L6| 6L6CL| €01L9| 66089| OI'€S9| T1699L
S°6S61 | ¥6'TE8T | YI'I6LI | B80'9C8I | L6'€6ST | ¥E8BEl | 88'10CI IS6L6| ¥¥'808| 99¥IL| GS809| 0c¥8S| +¥¥e
PEOLBT | LLTEBT | TLTOLI | S8'L8II | SS66SI | 60°LBET | $9°00CT €7'986 | LL'8O8| 88FIL| 097809 |€8'8CC— | ¢O0E—
8€CYOC| SO'0SIT| CTI'SI9L | 66'¥891 | €8°€SCI| 66'€l6| €LT0CI SL'SL6| 9L'€6L| 0€8S9| 690¢9| ¥EI109| PELES
PE8LBI | CTL'CEBT | 8L'O8LI| B6'CL8I| T8¥99I | LL'EBEI | I€€0OTI LE6SY| 08TI8| VOVIL| LYLCI 60°€8S |  69°¢8¥
86°LEST | vO'TE8T | YI'TO6LT | SIL8IT | 8S6LST| 8S6LVI| ¥8'6III 1S°6L6| t¥'808| 99F%IL| 6SS809| ¥6CES 17°65S
6€°0081 | TL0S8T | +¥9°CE8T | T€1891 | 6L°C8ST| 968 | 8S8OCI| 0£866| 6SLIE 8Y'Th| 99°9¢L| LEY8S| 0€V09
0€°L8ET | 88'TEBT | 6L'SIOT| 9L'9891 | STOLSI | €9¥8EI| 98°00CI | 00°€66| SI'9¢8| 8S'SO9| SELI9| €671S8| LE6SS
¥9°6961 | ¥6'CE€81 | VI'T6LI | SI'L891 | 6S°€9SI | PE'88El| 8810CI 16'€S9 |  ¥¥'808| 6¥'SI6| PS809| IE¥8S| €¥6SS
LY'TL8L | CTI'9SIT| SS'SI8I| LE969I | T806ST | L8ILET| 8CTOCIT| 6E9III 6L'L8Y 8CT6L| IL9SY| TY6vS| 86°0SS
PE6981 | I¥'SEIT| 6C09C91 | +v1°L891 | 8S6LST | ¥E8BET | 88°10CI IS6L6| ¢€v'868| 0T0£8| ¢€S809| LEVSS| SP'6SS
€€°6981 | 89061 | vI'T6LI | SI'L8IT | S¥'809T | +€'88ET | 88'10CI IS'6L6| ¥¥'808| LT8I9| SS809| 688C9| I¥6SS
syutod
(wys) €1 | (wyS)zr | (W) 11| (W) o1 | (ws)e| (ws)g| (W) L| (we)9| (we)g| (WwSy| (WS)e| (wsS)g| (Ws)i eredq

-ayisodwodoueu Add/WAd/ODY 10} duewriopsad pue synsai aapIpaid [ppow NNV °S 319VL

92883

VOLUME 11, 2023



IEEE Access

O. Folorunso et al.: Development of Series-Parallel and Neural-Network Based Models

To further exemplify the suitability of the proposed model,
the previous model shown in Equation 4 was applied to pre-
dict the electrical conductivity of Gr-PPy and RGO/PVA/PPy
nanocomposites. As shown in Figures 6&7, the model inac-
curately predicted the electrical conductivity data of the
nanocomposites. Even though the coefficient of determina-
tion of the Kovacs model for the two nanocomposites is rea-
sonable (0.9547 for Gr-PPy and 0.9477 for RGO/PVA/PPy),
nevertheless, the model regression is inconsistent with the
study data [41]. It is expected that models for forecasting
the characteristics of hybrid materials, must properly define
the nature of each composited material and their interactive
behavior. These conditions, lacking in the Kovacs model,
might be the underlying factor responsible for the model’s
inaccuracy. However, the model’s modification might result
in a useful model for predicting the electrical conductivity of
polymer nanocomposite.

A. ANN RESULTS

A vital factor to consider before performing artificial neural
network modeling is the volume of the data points the model
is to train. Due to the cost and time required to perform
the experimentation of the electrical conductivity of polymer
nanocomposites, few samples in the range of ten are usually
produced. Therefore, optimizing the experimentation results
would be helpful for better performance and accuracy of the
model. Afterward, the experimental data must be subjected to
three process divisions: training, validation, and testing [42].
In order to monitor the performances of the model, the regres-
sion plots of the model were observed for different weights
and biases of the neural network. The number of neurons
engaged for the fitting, are: 13 (hidden), and 1 (output).
A 70/100, 15/100, and 15/100 training, validation, and testing
ratios, were chosen for the data. The training time is approxi-
mately 1.0 seconds. As shown in Figures 8&9, the suitability
of the model for the trained electrical conductivity data is pre-
sented. From the regression plots, the model’s performance
is observed, and its appropriateness for the data prediction is
indisputable. For both nanocomposite electrical conductivity,
the model showed a R? coefficient performances in the range
0f 0.999 and 1.000 for validation and training.

Furthermore, the comparison of the measured electrical
conductivity of the nanocomposites with the ANN predicted
values, are as shown in Tables 2&3. By considering the
small and insignificant percentage error recorded for the
predicted values, the ANN model can be said to have shown
a high percentage of accuracy and agreement between the
measured and the predicted values. Hence, the ANN model
can be classified as an efficient modeling method for the
prediction of the electrical conductivity of polymer nanocom-
posites [18], [43], [44]. Therefore, in the absence of experi-
mentation, the ANN model is a vital tool for the prediction
of the properties of polymer nanocomposites. In summary,
an artificial neural network has a short-time training pro-
cess and can detect complex nonlinear relationships between

92884

dependent and independent variables. In addition, artificial
neural networks can effectively predict an output from arrays
of input data without prior knowledge of the data’s hid-
den relationships. Compared with conceptualized models,
artificial neural network model involves a simple modeling
process and is usually viewed as a nonlinear generalization
of logistic regression [45]. Referring to the discussed per-
formance indicators for both models, it can be inferred that
the developed classical equation and the ANN model, are
beneficial for the characterization of electrical conductivity of
polymer nanocomposites. Appendix presents the full-length
prediction of the artificial neural network for thirty runs.

V. CONCLUSION

This study developed a unique and versatile series-parallel
model for the prediction of the electrical conductivity of poly-
mer nanocomposites. The consideration of the series-parallel
model developed is based on the connectivity of the filler
and the polymer. The connectivity can be defined in terms
of tunneling and contact resistance between the hybrid mate-
rials. The coefficients of determination of the series-parallel
mode, are: 0.995 for RGO/PVA/PPy and 0.998 for Gr-PPy
nanocomposites. From the results of the model, it can be
concluded that it is suitable for calculating and predict-
ing the transport properties of polymer nanocomposites.
Furthermore, the study considered the applicability of arti-
ficial neural networks in the nanocomposite’s electrical con-
ductivity prediction. The average calculated predicted errors
of the ANN for RGO/PVA/PPy and Gr-PPy nanocomposites,
are 0.82% and 0.53%. The proposed artificial neural network
model is accurate and in agreement with the experimental
data. By considering the accuracy of the models for the
computational study of the electrical conductivity of poly-
mer nanocomposites, they are therefore recommended for
the investigation of the transport properties of all types of
polymer nanocomposites.

APPENDIX
See Tables 4 and 5.
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