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Abstract

Applications of deep learning techniques in nanotechnology are particularly
important since they allow for the optimal design of multi-characteristic
nanomaterials. To differentiate between films composed of PS latex particles and
multi walled carbon nanotubes (MWCNTSs) in terms of their light-transmission
characteristics connected deep neural network (DNN) classifiers was fully trained.
Intensity of transmitted light, particle size of PS latexes, percentage of MWCNT
nanofillers by mass, and annealing temperature all played roles in classifying the
spectroscopic data. Experiments were run to find the optimum values for the
DNN classifier’s hyperparameters using a custom Bayesian optimizer. Proposed
DNN classifiers may be evaluated using a variety of different measures, such as
accuracy, the confusion matrix, cross-entropy loss, F1-score, recall, precision, and
area under the curve calculated from receiver operating properties curvatures.
When using sigmoid functions in the hidden layer units and setting the layer
sizes to 30 and 20, respectively, the best results are shown on both the training
and testing data sets for accuracy, precision, recall, and F1-score. Experimental
data is few, but computational studies show that DNNs may be used to categorize
the optical transparency of film samples.
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Introduction

'The engineering sector hasbeen faced with the difficult and expensive challenge
of designing polyethylene nanocomposites with numerous characteristics.
Optimizing the desired measurement response during the production of such
multifunctional materials might require many time-driven experiments [1]. Here,
the ideal measurement response may be gracefully tuned using a combination
of experimental and software-based techniques like machine learning, paving
the way for the conservation of time, energy, and materials. As a result, machine
learning has lately shown great promise as an auxiliary tool, allowing substantial
progress to be achieved in the optimum design of polyethylene nanocomposites
through the provision of accurate predictions in the modelling of a large array of
technical factors [2]. Researchers have employed machine learning to simulate
the microstructure of energy-storage nanocomposites and forecast their tensile
strength after carbon nanotube (CNT) infusion. In materials science, DNNs
and other recent machine learning approaches may be effectively employed
as classifiers, despite their more common usage as regression-based models
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for predicting a broad variety of attributes of such complex
materials [3].

Technical challenges encountered during the synthesis
of chemical compounds and material characterization have
slowed the experimental progress toward the best design
for transparent, electrically conductive nanocomposite films
[4]. Costly nanofillers are used to alter the film’s shape and
HDPE characteristics, and this has a major effect on the
samples’ conductivity and transparency responses. The optical
transparency of insulating polyethylene is reduced when
excessive concentrations of CNTs are included into the
polyethylene itself, as in polystyrene (PS) latex particles [5].
Determining the correct concentration of CNTs is crucial for
maintaining the film’s multifunctionality, but this may involve
a few time-consuming, trial-and-error trials. Researchers have
been able to improve the computational design of such multi-
characteristic nanomaterials by utilizing previous measurement
data sets found in scientific archives. With the use of artificial
intelligence models like DNNSs, the output characteristics of
nanocomposite films may be estimated or categorized without
the need for laborious and time-consuming testing [6, 7].

To show the value of DNNs for polyethylene
nanocomposites, we evaluate the performance of several
models that use predictors like the mean diameter of particle
size latex particles, the mass fraction of, the annealing
temperature, and the transparency of the film to categorize
the optical transparency of multiwall-loaded particle size latex
films into three opacity classes. Using a Bayesian optimizer and
careful hyper-parameter tuning, researchers have developed
DNN classifiers with the highest accuracy attainable. Each
DNN model’s classification performance was measured using
standard error measurements, a confusion matrix, and ROC
plots. The classification abilities of the DNNs were further
explored by calculating the area under the curve (AUC) for
each class.

A subset of machine learning algorithms called DNNs
takes its cues from the brain’s structure [8]. Such machines are
analogous to ANNSs, but with additional levels of complexity,
in the context of deep learning. DNNs may assume many
different topological shapes, such as multilayer perceptron’s
(MLP), convolutional neural networks (CNN), or recurrent
neural networks (RNN), depending on the order in which their
layers are applied [9, 10]. Instead, fully-connected MLP-based
DNN s will be the key research focus of this paper. Compared
to a standard feed-forward neural network (FFNN), a fully
connected DNN(FCDNN) comprises more than two hidden

layer units, each of which is adorned with many neurons.

As can be seen in figure 1, a fully linked DNN structure
consists of several levels [11]. Neurons are the essential parts of
DNNGs that do data processing. In DNNs, the neurons in the
input layer are the first to receive information represented by
Al A’,..., and x#. The weighted interconnection nodes among
the input and output layers relay information from the input
layer to the intermediate hiding layers. The input neurons that
share information in the buried layers are given additional
weights that account for network bias. Activation functions
(AFs) are used to do a mathematical processing once input is
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Figure 1: An illustration of an FCDNN classifier with linked neurons
arranged in various layers.

received by the buried layer neurons.

The activation of the hidden and output neurons is
critically dependent on the AFs. When one hidden neuron
is engaged, it feeds the processed data to the hidden neurons
below it. This process is repeated until the final output layer
is achieved. When a FCDNN classifier employs a SoftMax
function in its output layer, it provides a response to the input
neurons that may be regarded of as a classification score or a
posterior probability. For the posterior probability, both binary
and multiclass classification, f(An), for each class is calculated
using the subsequent formula [12].

3.'1“

flay) =E::1=L3f1,, (1)

Where m is the total no of distinct categories in the
resulting data. Using the error tolerance established during
network topology training, a FCDNN classifier compares
the computed classification scores against a target answer. If
the network classifier estimates a large enough error among
the network output and the target value, it will employ
backpropagation to retrain the input predictors. The cross-
entropy loss function, by far the most popular during training,
may be stated as follows for multiclass classification [13].

@)

L -

Cross-entropy loss = — ;E’i?:ﬂ‘k -log ()
Where

yk  desired outcome

y2# expected outcome

N total number of observations

'The cross-entropyloss is minimised by gradually decreasing
the network’s weights and biases throughout training.
Computational Methodology

The experimental data, used software, hyperparameter
choice, DNN optimization, and performance measurement
techniques are all described in this part.
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The DNN classifiers’ optical data comes from UV-Visible
spectrophotometer measurements of photon transmission
through coatings of PS latexY MWCNT nanocomposites.
Global network statistics are displayed in table 1.

'The full collection of experimental data has been classified
as either opaque, semi-transparent, or transparent based on the
1-. values of nanocomposite films. The different classes and
their corresponding frequency ranges are summarized in table

2 below.

'The relationship between each category and the I-. and
C*+ predictors are shown graphically in figure 2. As can be
listed in table 2 and figure 2, there is a large discrepancy between
the frequency counts of the various classes in the network data
utilized by fully connected DNN classifiers. However, this
does not indicate that implementing uneven data would result
in disparate predictions when DNN classifiers are adequately
adjusted.

Using the “fitenet” tool in MATLAB, we have constructed
DNN models, estimated error metrics, and determined various
performance assessment indices. Only 30% (153 out of 512)
of the dataset was used for validation, whereas 70% (359) was
used for training the network. For DNN applications, the
data size may be on the smaller side, but there is no higher
data set obtained in this field. Class labels from table 2 were
applied to DNN output variables, whereas values from table
1 were used as predictors in the input layer. The training
method now uses a Bayesian optimizer as the underlying
optimization technique. The well-known limited memory
Broyden-Fletcher-Goldfarb-Shanno quasi-Newton method
(LBFGS) has been used as a solution all through training
when the fitcnet command is added into the compiler script
[14-17].The purpose of the LBFGS technique is to iteratively
minimize the cross-entropy loss among the anticipated and
target values.

Every single DNN model uses softmax as the AF in
the output layer, as was previously described. We have used
a trial-and-error strategy to test out various configurations
of hidden layers, hidden neuron geometries, and activation

functions (AFs) like the ReLU, tanh, sigmoid, and identity

Table 1: Data from the network statistics.
Tnput s Statistical indices
variables e Minimum | Maximum | Mean Stafld‘f‘rd
deviation
D, nm 385 565 495.24 65.89
Conr | W% 0 15 2.87 4.18
T, °C 100 260 178 47.15
. (%) 0 84.95 26.94 24.99
Table 2: Class frequency and data limits.
Class Transmission limits | Frequency of data
Semi-transparent 40% < I < 70% 165
Opaque 1, <40% 335
Transparent 1> 80% 18

100

S ]

E: a0 Tl Az Tiramsgosre mil

£ }

E &0 =.L—thh 2: Semil - Transpanomi

= -

CE

=l 404 Chms I O pogue

E - 3 ¢ !

H 204 -

] i! H 2 i

LI RN

. Woare = | | [ i i
d 2 4 & a 10 12 14
Alazs Fraction of MWCNT, C (wt 04)

Figure 2: Distributions of each class's frequency count depending on their
calculated transmitted light intensity, Itr.

(linear) function to achieve the highest possible classification
accuracy across both datasets. A thorough description of the
universal error measures used to evaluate the arrangement
performances of the five top DNNs classifiers, all of which

achieve acceptable accuracy values better than 98%.

Each DNN classifier model’s multiclass classification
performance was initially evaluated using accurateness, history
loss for cross-entropy, and data loss. However, it is possible
that the use of only two measures is insufficient in evaluating
classifier performance. Because of this, not only the confusion
matrix but also precision, recall, and F1-scores were studied
[18]. The four basic binary classification metrics must be
computed using the confusion matrix that is derived from the
target and predicted values. Using these measures, one may
describe accuracy as the fraction of all possible variables that
are correctly classified as positive or negative.

Accuricy = — PN
ALY DTN PR PN

(©)

Where,
TP =True positives
FP = False positives
TN =True negatives
FN = False negatives

The percentage of true positives that were correctly
detected is the recall, the second statistic. It is equivalent to
the TPR or sensitivity.

TP
TP+FN

Recall = (4)

F1-score was employed as a final statistic in this study.
Harmonic mean of recall and accuracy, or F1-score, is stated
as follows in equation 5 [19].

F‘S =3 Preciion = Reeall
core Precision + Reeall

©)
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Another popular statistic for judging a classifier’s efficacy is its

precision, which is defined as the percentage of positive vari-

ables that were properly detected (Equation 6).
s

TP+EP

Precision = 6)

These statistical error factors are added to the evaluation
of the five DNN classifiers’ classification performance using
receiver operating characteristic (ROC) curves, which are
class-specific. The ability of the DNN classifiers to correctly
categorize data is graphically represented by the ROC curve
[20]. True positive rate (TPR) and false positive rate (FPR) can
be plotted against one another to get the ROC curve (FPR).

Results and Discussions

Five completely connected DNN topologies were
developed, and their classification skills were statistically
assessed. In combination, these topologies may reach
precisions more than 98%. Model-specific information on the
hiding layer geometry, like the no of hiding layers, the total no
of neurons, and the AFs deployed in each hidden layer unit, is
provided in table 3.

DNN classifier accuracy and loss values of cross-entropy
for experimented and predicted data sets are displayed as bar
graphs in figure 3a and 3b. Figure 3a demonstrates that model

The area under the _Cuer.: (AUC) oper atmg Ch.ara_CterISth curve Table 3: Specifications on the projected DNN classifiers' topology.
for each class provides insight into the discriminatory power
of the proposed DNN classifiers. The AUC measures how well Models AFs Hidden layer size
a classifier separates two groups of interest [21, 22]. 1 [relu, tanh] )
This study consequently plots the ROC curves for each 2 [sigmoid, sigmoid] 2
class independently to calculate AUC values and thoroughly 3 [tanh, tanh] P
explores their respective classification capabilities. The best o
. i ) ; 4 [sigmoid, linear] 2
DNN model was determined by plotting confusion matrices ———
for both the training and validation sets of data. 5 [sigmoid, sigmoid, tanh] 3
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Figure 3: Plots showing (a) Accurateness, (b) History loss, and (¢) Cross-entropy loss for every DNN classifier proposal. Each class's ROC curve has been
presented for both the experimented (d—f) Predicted and (g—i) Values.
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2 obtained the highest levels of accuracy, with a training data
set accuracy of 99.36% and a validation data set accuracy of
98.96%. Conversely, the accuracy of DNN models 1, 3, 4, and
5 was determined to be 99.36%, 98.58%, 98.57%, and 99.12%
during training, and 98.13%, 98.32, 98.31, and 98.34% during
validation, respectively. These numerical findings show that,
compared to other DNN classifiers, model 2 has a significantly
greater validation accuracy.

Model 2’s training set produced the lowest cross-entropy
loss value (0.0083) while model 1’s validation set produced
the highest (0.0096) value. The calculated values for the
cross-entropy loss for models 1, 3, 4, and 5’ training and
validation data sets, respectively, were 0.0098, 0.0096,0.01142,
and 0.0096. Model 2 has a somewhat larger validation loss
compared to model 1. Other error statistical criteria must be
examined to overcome this issue and more precisely establish
which model has superior categorization ability. All DNN
classifier models’ stability and believability were analyzed
using cross-entropy loss history plots before doing calculations
of such error indices. Figure 3¢ shows a loss history plot. The
estimated history plots reveal a progressive drop in both the
training and validation losses leading up to the minimal cross-
entropy values. In addition, there was no noticeable variation
between training and validation losses for any of the DNN
classifiers that were deployed. These graphs also illustrate that
there is no indication of overfitting, as the curves of the cross-
entropy losses flatten after reaching their minimal values.

The AUC values for the ROC curves were produced to
further evaluate the classification performance of classifiers on
each individual class. Figure 3d to 3i displays the ROC curves
that were developed for each class. ROC curves show that
models 1 and 2 have the greatest AUC values when compared
to other classifiers for both the experimented (Figure 3d, 3e
and 3f) and prediction (Figure 3g, 3h and 3i) information
processing. Models 1 and 2 are pitted against one another in a
battle for the best DNN classifier by comparing their accuracy,
cross-entropy, and area under the curve (AUC) values. Bar
graphs of recall, F1-score metrics, and precision, for each model
are displayed in figure 4a to 4d to help the reader determine
which model has superior classification performance. The bar
graphs show that the greatest and identical accuracy, recall,
and F1-scores were obtained for the experimented models 1
and 2, respectively, at 99.17% and 99.16%, respectively. When

compared to the other classifiers, model 2’s evaluation metrics
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Figure 4: (a) Training and (b) Validation precision, recall, and F1-score
metrics calculated using various DNN classifiers. Using confusion matrices,
we were able to see the distribution of true and false predictions over both
the training (c-d) validation sets (e-f).

are much higher (98.07% accuracy, 98.06% recall, and 98.02%
F1-score), as shown in figure 4d. Based on these findings,
model 2 appears to be the most effective MLP-based DNN
classifier for distinguishing between opacity levels in PS latex/
MWCNT nanocomposite films. Table 4 displays the results
of several statistical error metrics computations performed on
all created classifiers. These metrics include accurateness, cross
entropy loss, precision, recall, and F1-score.

Following a thorough search for the optimal DNN
classifier model based on calculated error indices, we used a
confusion matrix to visually assess the classification accuracy
of each class. A common tool for solving classification issues
is the confusion matrix, which summarizes the outcomes of a

Table 4: DNN classification evaluation metric computations.
Model number (Training) Model number (Validation)
Error metrics
1 2a 3 5 1 2a 3 4 5
Accuracy 0.9916 0.9916 0.9833 0.9805 0.9889 0.9803 0.9869 0.9804 0.9803 0.9803
C-entropy 0.0084 0.0071 0.0087 0.0129 0.0089 0.0079 0.0087 0.0104 0.0134 0.0109
Precision 0.9917 0.9917 0.9833 0.9805 0.9889 0.9807 0.9870 0.9806 0.9807 0.9807
Recall 0.9916 0.9916 0.9833 0.9805 0.9889 0.9804 0.9869 0.9804 0.9804 0.9804
F1-score 0.9916 0.9916 0.9832 0.9805 0.9888 0.9801 0.9866 0.9804 0.9801 0.9801
Note: a = Best fully connected DNN classifier.
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classifier’s predictions and makes it easy to compare them to
the target values. Using a confusion matrix, how many guesses
were made for each class and how many were right were
examined. Heat maps (percentage-based representations) of
confusion matrices are displayed in figure 4b and 4c and figure
4e and 41, respectively, when the best DNN classifier, model 2,

is applied to experimented and predicted values.

Both the experimented and predicted values had
successful opaque film predictions as shown by the calculated
results in figure 4b to 4e. There were only two and one
incorrectly predicted semi-transparent samples in the training
set (n = 113) and validation set (n=49), respectively. Similarly,
in those data sets when 12 and 5 transparent samples were
used, respectively, just 1 sample was incorrectly labelled. The
percentages of properly recognized samples in the training
data and the percentages calculated for the testing data for
each class were similarly very consistent (Figure 4c and 4f).The
improved prediction accuracy of model 2 was also validated by
computational findings based on percentages.

Conclusion

This is the first study to compare the efficacy of five
different fully connected DNN classifiers for determining
how transparent various nanocomposite films. Five best
models with accuracies greater than 98% were selected after
extensive testing of different hidden layer shapes and AFs.
For the best DNN classifier, we found that utilizing sigmoid
AFs in the hidden layers of a model with 30 and 20 hidden
neurons yielded the highest classification performance. It
has better accuracy, F1-score, recall, and precision than other
DNN classifiers on the validation data set. It was shown
using confusion matrices that just one or two variables in
each of two categories (semi-transparent and transparent)
were misclassified (333 opaque, 162 semitransparent and 17
transparent out of 512). Computational results from this study
suggest that an optimized network may effectively classify the
optical transparency or opacity of nanocomposite films from a
small, asymmetric raw data set. To better build nanocomposite
films with the appropriate optical features, take advantage of
our fully linked DNN classifiers to forecast their coatings’
optical characteristics.
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