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Abstratct

In this paper we study the distance traveled with time for light weight polystyrene polymer material. The polystyrene is tran-

sported using non-contact method. We have switched mode power supply (SMPS) that have 12 V DC voltage. It has electri-

cal plug connected to 220 V AC supply. The switched mode power supply have AC to DC converter. We have controller in

the device that regulates the voltage from 0 V to 12 V. However, we study the transport upto 8V. The controller is connect-

ed to DC motor having rollers. The maximum voltage of DC voltage are 12 V and current is 1.2 A, respectively. The con-

troller is used to control the voltage and current of the DC motor having rollers only. The polystyrene is next to the DC mo-

tor. The length of the polystyrene is 2 cm, width is 2 cm and thickness is 0.082 mm. The volume of the polystyrene are 3.28

× 10−8 m3. We use digital precision balance to measure the mass of the polystyrene. The mass is measured value of 34 milli-

gram. We obtain no transport upto 4 V. The distance traveled by the polystyrene are 0.2 cm for 5V at time 7s. For 6V, 1 cm

at 27s, 7V it is 2 cm at 16s and 8V the distance is 3 cm at 5s. The polystyrene stops after the said travel. The wind energy

from DC motor having rollers can push multiple polystyrenes. Here, we study single polymer. The wind energy pushing the

polystyrene needs further study with regard to air element contact on the material for the push and final stop. We develop

data driven neural network to match the distance for given time. The accuracy of the models are good. The computer time

are 35s for training and 0.09s for predict? We use limited 3 or 4 training data set. We use 1 test set to predict. The simula-

tions are run in a computer. Our work can find applications in low power devices, portable, material handling manufactur-

ing, sensors, embossing, energy and packaging.
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Introduction

The dynamics of transport have evolved from the

structure.  The  dynamical  equation  to  model  the  electron

flow in the polymers  are  studied in detail.  In polymers  the

electron  mobility  is  known  [1-5].  The  molecules,  charges

and  the  materials  inside  the  polymer  are  also  studied.  The

dynamical properties are the distance, velocity and accelera-

tion. The polymers are lightweight materials [6]. The study

of mass of polymers are needed. There are recent studies to

understand  the  valence  contribution  of  atoms,  electrons

and  ions  from  the  first  principles  simulations  [7-  13].  The

principle  dynamics  of  polymer  under  the  action  of  force

causes external  motion.  Here,  we study polystyrene.  Polys-

tyrene like polyethylene oxide also have carbon and oxygen.

Along with them small traces of calcium are available [14].

The composition of the elements are obtained from energy

dispersive  spectroscopy.  Polystyrene  are  thermoplastics.

Polystyrene is thermally stable below 200 ◦C. The surface

roughness  in  relation to  the  chemical  elements  and size

should be the scope for the future. Researchers have studied

polystyrene from the ethylene and benzene hybridization

fabrication methods [13, 15]. The substrate studies of polys-

tyrene are available [16]. The source, detection and interac-

tion of polystyrene with liquid are studied [17-21].

In  the  recent  years  the  machine  learning  (ML)  of

polymers are studied. The ML methods are used to discover

new materials in the polymers [22-26]. The availability of da-

ta  and  experiments  for  polymers  are  limited.  The  study  of

polymers are taken from the membranes, packaging and 3D

printing. ML methods are to provide details of the polymer

using Random Forest Regression, Extreme Gradient Boost,

and Support Vector Regression (SVR). The clustering of po-

lymers  to  solid,  liquids,  understanding  the  features  and

properties of polymer are available in the ML literature. The

pipeline  using  ML  methods  for  polymers  are  well  studied.

The  study  of  deep  learning  neural  network  algorithms  for

polymers are limited.

Further, there is literature towards metal-ion in po-

lymer matrix. The fundament transport and its mechanism

inside the polymers are studied. There are studies to unders-

tand the device transport using polymers [27-31]. The archi-

tecture  of  polymer from modeling confirmation is  missing

in  the  literature.  The  compositions  in  the  polymer  defines

the  polymer  architecture.  Some  of  the  mechanical  proper-

ties were found in polymers. The structure and morphology

change in polymers are less understood. They have implica-

tions  to  change  the  properties  and  simulation  formula  for

polymers  [32-35].  The  use  of  polymers  their  ions  are  to-

wards synthesis of polymers, electrode and voltage devices.

Figure 1: Schematic Representation of the Polystyrene in the Area

In this paper, we build experiment set up to under-

stand the distance time travel of the polystyrene material un-

der  the  application  of  external  DC  motor  having  rollers.

The  DC  motor  are  powered  by  the  switched  mode  power
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supply. The controller gives the range of power to study the

transport of the polymer. Figure 1 shows the schematic illus-

tration  of  the  distance  traveled  by  the  polystyrene.  The

polystyrene is placed on the white sheet and its transport is

examined  by  external  DC  motor  having  rollers.  We  study

non-contact polystyrene transport.

The rest of the paper is outlined as follows. Section

2  discusses  the  materials  and  methods.  The  experiment

methodology are given in section 3. The theory for the poly-

mer transport are given in Section 4. The neural networks si-

mulations that include the data driven neural  network and

physics from theory in the neural network are given in sec-

tion 5. A detailed discussion is provided in section 6. Final-

ly, conclusions are presented in Section 7.

Figure 2: Experiment set up

Figure 3: Schematics of Transport of Polystyrene with Time Under the Application of DC Motor Having Rollers. The Polys-

tyrene Moves cm Distance for our Study.
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Figure 4: Network Architecture of the Data Driven Neural Network

Figure 5: Comparison of Polystyrene Distance Traveled for P = 5.34 W. We have Experiments, Theory, DDNN and PINN Neu-

ral Networks

Figure 6: Comparison of Polystyrene Distance Traveled for P = 6.44 W. We have Experiments, Theory, DDNN and PINN Neu-

ral Networks
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Figure 7: Comparison of Polystyrene Distance Traveled for P = 8.32 W. We have Experiments, Theory, DDNN and PINN Neu-

ral Networks

Materials and Methods

Here,  we  purchase  the  polystyrene  from Lakshmi

electricals  and  Hardware,  India.  We  use  cutter  to  cut  the

polystyrene to our size given in the paper. We purchase cut-

ter  from  Nimibind,  India.  We  study  the  size  of  the  polys-

tyrene  using  plastic  scale,  digital  vernier  and  micrometer.

The micrometer measures the thickness of the polystyrene.

The micrometer  and plastic  scale  are  purchased from Pro-

gressive  Trade,  India.  The  digital  vernier  caliper  are

purchased  from  Industry  buying,  India.  We  purchase  OM

camera.  It  has  microscopy  imaging.  The  OM  camera  is

purchased from Kesari Scientific Chemicals, India. We mea-

sure  the  mass  using  Kern  mass  balance.  The  mass  balance

accuracy  is  0.01  g.  It  can  measure  maximum  1200  grams.

The mass balance is purchased from Merck, Germany. The

switched mode power supply is purchased from Velonix, In-

dia. The controller, DC motor having rollers are purchased

from  Velonix.  India.  The  acrylic  base  unit  to  mount  the

SMPS, controller and DC motor having rollers are fabricat-

ed from IITM facility. The electrical wirings are connected.

The  multimeter  port  terminals  are  provided  on  the  acrylic

base  unit  using  fabrication  facility  at  IITM.  The  electrical

wirings are connected to the digital multimeters. The multi-

meters are purchased from electronics, India. The multime-

ter  measures  the  voltage  of  the  SMPS,  voltage  of  the  con-

troller,  voltage  and  the  current  of  the  DC  motor  having

rollers.  We  use  four  multimeters.  The  digital  temperature

sensor are purchased from Industry buying, India.

Table  1  shows  the  equipments  used  in  the  study.

We have switched mode power supply, controller, DC mo-

tor, acrylic slab to mount the devices. The multimeter termi-

nals are placed on the acrylic slab. We use four multimeters.

The  multimeters  are  used  to  measure  the  voltage  and  cur-

rent,  respectively.  The  electrical  wirings  are  available.  The

chart papers are available on the acrylic slab. The book table

of  the  same  height  as  the  acrylic  are  available  next  to  the

acrylic slab. The book table purpose is to show the next re-

gion. The polystyrene polymer material is used to study the

transport  by external  DC motor.  The polystyrene is  placed

on the chart paper. Table 1 shows the materials.
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Table 1: Equipment List to Study the Single Polystyrene Dynamics

Equipments Specification details

switched mode power supply (SMPS) 12V

controller 0 to 12 V controller using knob turns. Also read
Table 2.

DC motor having rollers see Table 3.

acrylic base  

electrical wirings  

terminals for the voltage measurement of the SMPS multimeter wiring plugged for this purpose

terminals for the voltage measurement of the controller multimeter wiring plugged for this purpose

terminals for the voltage measurement of the motor multimeter wiring plugged for this purpose

terminals for the current measurement of the motor multimeter wiring plugged for this purpose

All terminals are placed on the acrylic base. Electrical
wirings are available  

chart papers are placed on the acrylic table Many

books are placed next to the acrylic device unit to match
the height. three books

Single polystyrene is placed on the chart paper see Table 4 for the dimensions of the polystyrene
studied. We study single size.

Digital temperature sensor Measure room temperature and ensure
environment control by

performing the experiments at same temperature

Plastic scale, digital vernier Measure the size of the polystyrene

caliper and micrometer

Table 2: The Relation Between the Controller Knob Turns and the Voltage.

knob turns in the controller voltage of the motor (V)

3 1

4 2

5 3

6 4

7 5

8 6

9 7

10 8
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Table 2 shows the controller have knob. The knob

when turned produces the required voltage on the DC mo-

tor as shown in Table 2. The switched mode power supply,

controller  and  motor  are  electrically  connected.  Table  3

shows the parameters of the motor. The diameter of the mo-

tor is 26 mm. The shaft diameter that is the roller diameter

is 2.3 mm. The shaft is cylinder shape having length 12 mm.

The  total  body  length  of  the  motor  having  rollers  are  5.7

cm.  The  maximum voltage  of  the  motor  is  12  V.  The  cur-

rent at 12 V is 1.2 A. The controller controls the voltage of

the motor from 0 V to 12 V. The knob of the controller on

rotating gives the required voltage on the DC motor as dis-

cussed earlier.

Table 3: Parameters of the DC Motor

Voltage 12V DC

Diameter 26 mm

Speed 18000 rpm

Shaft type Round type

Shaft length 12 mm

Shaft Diameter 2.3 mm

Total body length 5.7 cm

Current 1.2 A

Table 4: Single Polystyrene Geometry, CAD Model and Image

Table 5: Mass Measurement of Single Polystyrene. The Mass Balance is Protected with Acrylic Shield
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Experiment Methodology

In  this  paper,  we  refer  many  important  details  to

understand the mass. The surface characteristics is given in

literature [14]. The chemical elements of the polystyrene are

studied here. The chemical elements in the polystyrene ob-

served  are  96.9%  carbon,  2%  oxygen  and  1  %  calcium,  re-

spectively. The detailed structure, arrangement of elements

and imaging of the polystyrene are scope of the future work.

The  density  of  the  polystyrene  are  obtained  in  [36].  The

mass  is  related  to  the  density  of  the  polystyrene  and  the

study volume. Other important detail  is  the friction condi-

tions.  The  friction  is  related  to  the  density  of  the  polys-

tyrene and its structure. From the molecular understanding

the  lower  density  of  the  material  leads  to  higher  wall  fric-

tion. There is scope to relate the force applied on the polys-

tyrene  from  the  surface  characteristics,  structure,  chemical

elements, density and mass. We need to understand the rela-

tion between the forces from friction measured from densi-

ty.  We use  digital  thermometer  to  measure  the  room tem-

perature. We ensure constant room temperature. This is the

environment  control.  The instrument  motor  are  calibrated

from the literature [37, 38].

Figure 2 shows the experiment set up. The device

consists  of  switched mode power  supply.  SMPS have  12  V

DC  power  supply.  They  have  electrical  plug  of  220  V  AC

supply.  SMPS have  AC to  DC converter  and  achieve  12  V

DC power. The other components of the device unit are con-

troller as shown in the Figure 2. The SMPS and controllers

are  connected  to  the  motor.  The  acrylic  slab  is  used  to

mount  the  devices.  The  multimeters  are  connected  to  the

SMPS,  controller  and  motor.  The  multimeters  are  plugged

to  the  terminals  mounted  on  the  acrylic  slab.  There  are

chart paper and book stand as shown in the figure 2. There

are paper tray next  to motor.  The polystyrene is  placed on

the paper tray. The motor are not in contact with the polys-

tyrene.  The  polystyrene  are  placed  at  a  distance  from  the

motor.  The  dynamics  of  the  single  polystyrene  is  studied

from the experiments. Figure 3 shows the schematic illustra-

tion  of  the  cm  distance  traveled  by  the  polystyrene  under

the application of DC motor having rollers. We apply pow-

er  in  the  range  0  to  8.32  W.  The  polystyrene  do not  move

for  the  power  from  0  to  3.28  W.  The  polystyrene  moves

maximum of 3 cm distance under the application of power

value of 8.32 W.

Theory

The inlet power of the DC motor having rollers is

balanced  to  provide  the  solid  polystyrene  transport.  The

force  on  the  single  polystyrene  is  given  in  Eq.  (1)

Where F  is the force acting on the single polys-

tyrene, m is the mass and a(t) is the acceleration of the polys-

tyrene. The power of the motor to produce the force on the

single polystyrene and the movement of the polystyrene are

given in Eq. (2).

where x is the displacement of the polystyrene and

t is the time. Npolymers are the fitting parameter denoting

the number of polystyrenes. The power supplied by the mo-

tor can transport many polystyrenes at the same time. P is

the inlet fixed power of the DC motor having rollers. The

power of the motor are calculated using Eq. (3).

where I is the current and V is the voltage of the DC motor. Substituting Eq. (1) in Eq. (2) gives Eq. (4).
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Using  ordinary  differential  equations  we  obtain the  displacement  x  with  time  given  by  Eq.  (5).

1. We calculate the residuals (R). The residuals are

obtained by calculating the absolute difference between the

experiment result and the model. We avoid negative values

in the answers because they are physical quantities.

2. We calculate the square of the residuals (R2).

3. The mean square error is calculated. We consid-

er square of the residual.

4. The root mean square error (RMSE) is calculat-

ed from the mean square error. We consider the residual as

the root mean square error.

Data Driven Neural Network Network architecture

Figure  4  shows  the  schematic  of  the  data  driven

neural  network.  The  neural  network  uses  training  data.

Here,  we study limited training data.  For power of  5.34 W

we provide 3 training data sets. We provide 4 training data

sets for 6.44 W and 8.32 W, respectively. Let us consider the

example  for  5.34  W.  The  model  is  similar  for  6.44  W  and

8.32 W applied power.

Size of Training Data

The  training  data  set  1  have  variables  [power  of

the motor, mass of the polystyrene, distance and time]. The

training  data  are  obtained  from  experiments.  The  training

data 1 is provided as a csv file.

Strategy of validation - Uncertainty estimation

Uncertainty estimation provides the confidence to

predict the distance traveled by the polystyrene. The confi-

dence is the accuracy of the predict answer to match the ex-

periments. We also measure the mean square error between

the predict answer and the actual. This provides the reliable

decision-making in AI, engineering, and science. In this pa-

per we use ensemble method to obtain accurate and reliable

predict  distance  of  the  polystyrene  for  different  power  of

the motor.

Ensemble Method

Here, we provide repeated variables for given num-

ber of times in the training file. For example, we have three

training  files.  Each  file  have  four  variables  that  are  given

from  measurements.  The  ensemble  method  copies  the  4

variables 3 times. The number of copies match the number

of training data files. We study limited training data sets as

stated earlier. Thus, the training file 1 should have [3× 4] val-

ues  where  the  rows  are  repeats  and  column  have  different

variables. The purpose of the ensemble method is discussed

in the loss and epoch section to obtain the predict distance.

The accuracy of the predict distance is highly dependent on

the ensemble method.

Control of Fitting – Deep Learning (DL) Layer

Continuing for the example power of 5.34 W. We

are given 4 time steps. The first three time steps are t = 0, 5 s

and 20 s. The fourth time step is 27 s. The model has to pre-

dict  the  distance  for  the  fourth  time  step.  Thus,  the  first

three  time  steps  are  used  in  the  training.  As  discussed  we

have three training sets. In the first training data file we use

control  ReLU  given  in  Eq  (6)  to  obtain  the  maximum  be-

tween the two numbers 0 and x1.

where F1 is the fit to the variable. x1 is the dis- tance. The weight for the first training file are given in Eq

(7) and Eq (8), respectively.
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where x0 is the power of the motor, x2 is the mass

of the polystyrene and x 3 is the time. w1 is the weight for the

training data set 1.

Next, ReLU is done for second training file. Eq. (9)

gives the maximum between 0 and y1. We denote that as F2.

where F2 is the fit in the second training set. y1 is the distance at time t = 5 s. The weight for the second train-

ing file are given in Eq (10) and Eq (11), respectively.

where y0 is the power, y2 is the mass and y 3 is the

time. w2 is the weight for the training data set 2.

We  perform  the  ReLU  for  third  training  file.  Eq.

(12) gives the maximum between 0 and z1. We denote that

as F3.

where F 3 is the fit in the third training set. z1 is the distance in the third training file. The weight for the third

training file are given in Eq (11) and Eq (12), respectively.

where z0 is the power, z2 is the mass and z 3 is the

time. w3 is the weight for the training data set 3. Eq (8), Eq

(11) and Eq (14) needs Adam optimizer in python to obtain

w 1, w 2, w 3 and ensuring the loss function in deep learning is

compatible with the model in python. The loss function is

discussed in the later section.

Linear Extrapolation to Obtain Predict Distance for
Test Data

We use one data set  for predict.  We call  this  data

set as test data set. Note, the model can predict for any test

data set. That is the test data set can be any given time.

Size of Test Data

The  test  data  have  one  test  file.  They  have  vari-

ables  [power,  mass  and  predict  asked  time].  The  variables

are obtained from experiments. The test file is provided as a

csv file.

Strategy of validation - Uncertainty Estimation

Here  we  use  ensemble  method  to  ensure  the  test

data  set  is  read  correctly.  Also,  the  variables  are  accurate

and reliable to predict the distance for any given time.

Ensemble method

Here, we provide repeated variables for given num-

ber  of  times  in  the  test  file.  For  example,  we  have  one  test

file.  The  file  have  three  variables,  power,  mass  and  time.

The  ensemble  method  copies  the  3  variables  3  times.  The
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number  of  copies  match  the  number  of  training  data  files.

Importantly  the  column  asking  to  predict  the  distance  is

filled with zero. Thus, the test file should have [3× 3] values

where the rows are repeats and column have different vari-

ables.  Remember  the  column  for  predict  distance  is  must

with zero. The accuracy of the predict distance is highly de-

pendent  on  the  ensemble  method.  This  is  discussed  later

from the loss function and epoch.

Control of Fitting for Test Data

Here,  we  use  linear  extrapolation  function  in

python.  The  predict  distance  for  test  data  are  given  in  Eq

(15).

where xtest1 is the predict distance for the test data.

xtest 0 is the power xtest 2 is the mass and xtest 3 is the time provid-

ed in the test file. The weights w1, w2 and w3 from the train-

ing files are used.

Python Code

The  lines  of  code  having  the  deep  learning  layer

are given. model = Sequential([

Dense(1024,activation='relu', input_shape=(Ny,)),

Dense(1024, activation='relu'),

Dense(1024, activation='relu'),

Dense(Ny, activation='linear' )

])

model.compile(loss='mse', optimizer='Adam')

where relu is the ReLU control of fitting explained

earlier.  The  model  uses  mean  square  estimation  function

and  adam  optimizer  for  accuracy.  Further  the  Adam  opti-

mizer  also  ensure  the  loss  function  in  the  model  are  ob-

tained  in  the  code.  The  number  of  default  lines  1024  are

used in the code. This needs further study.

The lines of code to predict the distance are given

below.  csv_logger  =  CSVLogger('training_log.csv',  ap-

pend=True)

model.fit(X_train,  X_train,  epochs  =  200,  batch_-

size = 30, callbacks=[csv_logger]) testinput = []

Test  =  pd.read_csv('data/Test1.csv',header  =

None)

Test = Test.values testinput.append(Test)

testperforming = array(testinput).reshape(1, Ny)

Simulation_time  =  np.zeros((1,1))  start  =  time.-

time()

testoutput  =  model.predict(testperforming,  ver-

bose=1)  end  =  time.time()

Simulation_time.fill(float(end-start))  print("It

took:  ",  Simulation_time,  "  seconds")  AIoutput  =  pd.-

DataFrame(testoutput)

AIoutput.to_csv('Predict.csv',header  =  None,  in-

dex  =  False)

The output files are saved. The simulation time is

calculated.  The  model  needs  single  computer.  The  simula-

tion time for training is 35 s and 0.09 s for predict. Our data

driven neural network model takes less computer time.

Loss Function

The  deep  learning  model  reads  the  csv  file.  The

ensemble  method  have  two  purposes.  First  the  ensemble

copies the same 4 variables in the training file for given 3 re-

peats. The number 3 is equal to the size of the training files.

The second purpose of the ensemble method provides multi-

ple training samples.  Here,  the samples are 3 training files.

The ensemble method monitors the loss function. The pro-

cessor reads the training files. The weight calculations given

in Eq (8),  Eq (11) and Eq (14) needs the variables as input

from the training files.  The ensemble method that  uses  re-

peats ensures the variables are fed to calculate the weight.

Epochs

The  epochs  in  the  processor  governs  the  python

based  neural  network  model  to  give  the  loss  number.  The
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loss number includes reading all the variables to the Eq (7).

Also, the calculation of weight from Eq (8), Eq (11) and Eq

(14). The epochs also ensures reading all the variables to the

Eq  (15).  They  have  the  test  data  variables.  Thus,  the  loss

number is related to following. The presence of variables, its

find,  its  intake,  its  process  to  obtain  weight,  the  test  vari-

ables, predict distance and end of read files. The epochs are

designed  in  the  processor  for  python  based  model  to

achieve this task for complete operations within 75. The vali-

dation of completion of tasks is given by small loss number

[39].  The  loss  number  have  little  dependence  on  epochs.

The accuracy of predict distance is high when the loss num-

ber is very small. The loss number becomes flat after certain

epoch number to intimate the operation is completed. The

task is over. In our study we use ensemble method to copy 4

repeats  for  6.44  W  and  8.32  W,  respectively.  The  model

works  for  arbitrary  ensemble  copies.  They  are  also  advan-

tages in our model.

Physics Informed Neural Network (PINN)

The only difference between the data driven neu-

ral  network  and  the  physics  informed  from  theory  in  the

neural  network  are  that  in  the  data  driven  neural  network

we provide experiment results as the data. Here in PINN we

provide theoretical  data.  The neural  network algorithm re-

mains the same as the data driven neural network. The train-

ing data variables are power of the motor, distance traveled

by  the  polystyrene,  mass  of  the  polystyrene  and  time.  The

test variables are power, mass and time. We should predict

the distance for any given time. The limited number of train-

ing  data  sets  to  accurately  predict  the  distance  traveled  by

the  polystyrene  at  that  time  are  the  novel  contributions  of

our work.

Results and Discussion

Table 4 shows the dimensions of the single polys-

tyrene. We study single polystyrene of length 2 cm, width 2

cm  and  thickness  0.082  mm.  We  use  plastic  scale  to  mea-

sure the length and width of the polystyrene. We use digital

micrometer  to  measure  the  thickness  of  the  polystyrene.

The volume of the polystyrene is 3.28 × 10−8 m3. Table 4

shows the image of the single polystyrene. The image is tak-

en using OM camera system. We use python code to simu-

late the CAD model of the polystyrene. Table 5 shows the ex-

periment set up to measure the mass of the polystyrene. We

use mass balance. The acrylic shield is used to protect the

mass balance. The polystyrene is measured in the box ow-

ing to its small mass. The acrylic shield blocks the stream

flow to  provide  steady  mass  measurement  of  the  polys-

tyrene for the first time. We take mass measurement for 80

s. We performed four repeats to measure the steady mass of

the polystyrene for the given size. The four repeats of mass

measurement are the cap used in our experiments. Table 5

also shows the size details of the polystyrene polymer.

Statistical Analysis of Mass

Table 6: Mass of the Polystyrene with Repeats. We Keep Acrylic Shield to Obtain Steady Mass.

Polystyrene Trial1 (mg) Trial2 (mg) Trial3 (mg) Trial4 (mg)

40 50 34 40

1. Average mass of the polystyrene

The average mass is obtained from the sum of the

four  measurements  divided  by  4.  The  average  mass  of  the

polystyrene is 41 mg.

2. Standard deviation

The standard deviation is calculated by taking the

square root  of  the average of  the squared deviations of  the

values subtracted from the average mass. The standard devi-

ation of the measurement is 5.74 mg.

3. Confidence intervals

The volume of the polystyrene is 3.28 × 10−8 m3 as

discussed  earlier.  We calculate  the  density  of  the  polys-

tyrene from the mass and volume. We consider the mass as

34 mg to obtain the density of 1037 kg/m3 that matches the

literature [36]. This is our confidence intervals understand-

ing. Also, we consider mass of the polystyrene as 34 mg in

our theory because theoretical density is known.
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Table 7: Single Polystyrene Distance-Time Measurements for Applied Power of 4.25 W. The Power is Applied from DC Motor

Having Rollers.

voltage on the
motor (V)

current on the
motor (A)

power on the DC
motor (W) time (s)

Maximum distance movement of
single polystyrene represented as

position (m)

5 0.85 4.25 0 0

5 0.85 4.25 7 0.002

4.25  W from the  motor.  The  corresponding  volt-

age is 5 V and current of the motor are 0.85 A. The distance

moved is 0.2 cm and it takes 7 seconds. Beyond the time the

polystyrene do not move. The wind energy from the motor

becomes  small  for  the  polystyrene  to  move.  Table  8  shows

the distance traveled by the polystyrene under the applica-

tion  of  power  5.34  W  from  the  motor.  The  corresponding

voltage is 6 V and current of the motor are 0.89 A. The dis-

tance moved are 0.1 cm at 5s, 0.3 cm at 20s and 1 cm at 27s.

Further distance is not achieved by the wind from the mo-

tor. Figure 5 shows the distance-time of the polystyrene ob-

tained from experiments under the application of 5.34 W.

Table  9  shows  the  distance  traveled  by  the  polys-

tyrene under the application of power 6.44 W from the mo-

tor. The corresponding voltage is 7 V and current of the mo-

tor are 0.92 A. The distance moved are 0.2 cm at 7s, 0.8 cm

at 10s, 1.2 cm at 12s and 2 cm at 27s. Further distance is not

achieved  by  the  wind  from the  motor.  Table  10  shows  the

distance  traveled  by  the  polystyrene  under  the  application

of power 8.32 W from the motor.  The corresponding volt-

age is 8 V and current of the motor are 1.04 A. The distance

moved are 0.5 cm at 1s, 1 cm at 3s, 2 cm at 4s and 3 cm at

5s.  Further  distance  is  not  achieved  by  the  wind  from  the

motor. Figure 6 shows the distance-time of the polystyrene

obtained from experiments under the application of

6.44  W.  Figure  7  shows  the  distance-time  of  the

polystyrene  obtained  from  experiments  under  the  applica-

tion of 8.32 W, respectively. Table 11 shows the comparison

between  the  theoretical  distance-time  results  and  experi-

ments. The given power is 4.25 W. We observe the wind en-

ergy can move multiple polystyrenes for the given power to

various  distances.  We  use  large  value  for  the  number  of

polystyrene polymers. We consider 1.46 × 1010 polystyrenes

that can be transported to some distance. Using Eq (5) we

match the distance time experiment results. We assume the

acceleration in our study. The parametric understanding of

acceleration  for  polymers  need  further  study.  Table  12

shows the comparison of polystyrene transport between the-

oretical  and experiment for 5.34 W. Table 13 shows the

polystyrene transport understanding from theory and exper-

iment for 6.44 W. The transport of polystyrene for 8.32 W

is shown in Table 14. The polystyrene travels 3 cm for the 5

seconds and do not move beyond as seen in our experi-

ments. Figure 5 shows the comparison of the distance trav-

eled with time between the experiments and theory for 5.34

W. The experiment match theory. Figure 6 shows the com-

parison of the distance traveled with time between the exper-

iments and theory for 6.44 W. Figure 7 shows the compari-

son of the distance traveled with time between the experi-

ments and theory for 8.32 W. Table 15 shows the compari-

son of the distance-time result between the experiments and

data driven neural networks. The applied power is 5.34 W

by the motor. The training data are limited 3 data sets. The

predict distance result is for 27 s. Table 16 shows the com-

parison of the distance-time result between the experiments

and data driven neural networks. The applied power is 6.44

W by the motor. The training data are limited 4 data sets.

The predict distance result is for 16 s. Table 17 shows the

comparison of the distance-time result between the experi-

ments and data driven neural networks. The applied power

is 8.32 W by the motor. The training data are limited 4 data

sets. The predict distance result is for 5 s.

Figure 5 shows the comparison of the distance trav-

eled  with  time  between  the  experiments  and  data  driven

neural network simulations under the application of 5.34W.

The  data  driven  neural  networks  match  the  cm  distance

traveled  by  the  polystyrene  polymer  for  the  applied  power

of
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5.34  W.  We  obtain  good  accuracy  for  the  first

time.  Figure  6  shows  the  comparison  of  the  distance  trav-

eled  with  time  between  the  experiments  and  data  driven

neural  networks for the applied power of  6.44 W. Figure 7

shows the comparison of the distance traveled with time be-

tween the experiments and data driven neural networks un-

der the application of 8.32 W.

Table  18  shows  the  comparison  of  the  distance--

time result  between the  theory  and physics  informed from

theory  incorporated  in  the  neural  networks.  The  applied

power is 5.34 W by the motor. Table 19 shows the compari-

son  of  the  distance-time  result  between  the  theory  and

physics  informed  from  theory  incorporated  in  the  neural

networks.  The applied  power  is  6.44  W by the  motor.  The

predict distance result is for 16 s. Table 20 shows the com-

parison of  the distance-time result  between the theory and

physics  informed  from  theory  incorporated  in  the  neural

networks.  The applied  power  is  8.32  W by the  motor.  The

predict distance result is for 5 s. Figure 5 shows the compari-

son  of  the  distance  traveled  with  time  between  the  experi-

ments,  theory  and  physics  from  theory  in  the  neural  net-

work under the application of 5.34W. The data driven neu-

ral  networks  match  the  cm  distance  traveled  by  the  polys-

tyrene  polymer  for  the  applied  power  of  5.34  W.  Figure  6

shows the comparison of the distance traveled with time be-

tween  the  experiments,  theory  and  physics  from  theory  in

the neural network for the applied power of 6.44 W. Figure

7 shows the comparison of  the  distance traveled with time

between the experiments, theory and physics from theory in

the neural networks under the application of 8.32 W.

Table 8: Single Polystyrene Distance-Time Measurements for Applied Power f 5.34 W.

voltage on the motor
(V) current on the motor (A) power on the motor (W) time (s) distance (m)

6 0.89 5.34 0 0

6 0.89 5.34 5 0.001

6 0.89 5.34 20 0.003

6 0.89 5.34 27 0.01

Table 9: Polystyrene Distance-Time Measurements for Applied Power of 6.44 W

voltage on the motor
(V) current on the motor (A) power on the motor (W) time (s) distance (m)

7 0.92 6.44 0 0

7 0.92 6.44 7 0.002

7 0.92 6.44 10 0.008

7 0.92 6.44 12 0.012

7 0.92 6.44 16 0.02

Table 10: Polystyrene Distance-Time Measurements for Applied Power of 8.32 W.

voltage on the motor
(V) current on the motor (A) power on the motor (W) time (s) distance (m)

8 1.04 8.32 0 0

8 1.04 8.32 1 0.005
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8 1.04 8.32 3 0.01

8 1.04 8.32 4 0.02

8 1.04 8.32 5 0.03

Table 11: Comparison of Single Polystyrene Solid Transport Between Experiments and Theory. We Use 4.25 W.

P (W) Npolymers m (kg) time (s) a (m/s2) experiment distance (m) theory distance (m)

4.25 1.46E+10 3.40E-05 0 0 0 0

4.25 1.46E+10 3.40E-05 7 2 0.002 0.002

Table 12: Comparison of Single Polystyrene Solid Transport Between Experiments and Theory. The Power is 5.34 W.

P (W) Npolymers m (kg) time (s) a (m/s2) experimen t distance (m) theory distance (m)

5.34 1.46E+10 3.40E-05 0 0 0 0

5.34 1.46E+10 3.40E-05 5 5.38E-02 1.00E-03 1.00E-03

5.34 1.46E+10 3.40E-05 20 7.18E-02 3.00E-03 3.00E-03

5.34 1.46E+10 3.40E-05 27 2.90E-02 1.00E-02 1.00E-02

Table 13: Comparison of Single Polystyrene Solid Transport Between Experiments and Theory. We Apply 6.44 W.

P (W) N polymers m (kg) time (s) a (m/s2) experimen t distance (m) theory distance (m)

6.44 1.46E+10 3.40E-05 0 0 0 0

6.44 1.46E+10 3.40E-05 7 0.0455 0.002 0.002

6.44 1.46E+10 3.40E-05 10 0.0162 0.008 0.008

6.44 1.46E+10 3.40E-05 12 0.013 0.012 0.012

6.44 1.46E+10 3.40E-05 16 0.0104 0.02 0.02

Table 14: Comparison 0f Single Polystyrene Solid Transport Between Experiments and Theory. We Apply Power 8.32 W.

P (W) Npolymers m (kg) time (s) a (m/s2) experimen t distance (m) theory distance (m)

8.32 1.46E+10 3.40E-05 0 0 0 0

8.32 1.46E+10 3.40E-05 1 0.00335 0.005 0.005

8.32 1.46E+10 3.40E-05 3 0.00503 0.01 0.01

8.32 1.46E+10 3.40E-05 4 0.00335 0.02 0.02

8.32 1.46E+10 3.40E-05 5 0.00279 0.03 0.03
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Table 15: Comparison of Single Polystyrene Distance Time Between Experiments and Data Driven Neural Network. The Pow-

er is 5.34 W.

time (s) experiment distance (m) DDNN model distance (m) residual ® (R)2

0 0    

7 0.001    

20 0.003    

27 0.01 (predict) 3.96e- 2 0.0296 0.00087

Table 16: Comparison of Polystyrene Distance Time Between Experiments and DDNN. The Power is 6.44 W.

time (s) experiment distance (m) DDNN model distance (m) residual ® (R)2

0 0    

7 0.002    

10 0.008    

12 0.012    

16 0.02 (predict)1.83e-2 0.17 0.0289

Table 17: Comparison of Polystyrene Distance Time Between Experiments and DDNN. The Power is 8.32 W.

time (s) experiment distance (m) DDNN model distance (m) residual ® (R)2

0 0    

1 0.005    

3 0.01    

4 0.02    

5 0.03 (predict) 3.16e-2 0.0016 0.00000256

Table 18: Comparison Between Theoretical Distance Time Traveled by Polystyrene and Physics Informed from Theory Incor-

porated in the Experiments. The Power is 5.34 W.

time (s) theorey distance (m) DDNN model distance (m) residual ® (R)2

0 0    

7 0.001    

20 0.003    

27 0.01 (predict) 3.96e-2 0.0296 0.00087
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Table 19: Comparison of Polystyrene Distance Time Between Theory and PINN. The power is 6.44 W.

time (s) theorey distance (m) PINN model distance (m) residual ® (R)2

0 0    

7 0.002    

10 0.008    

12 0.012    

16 0.02 (predict)1.83e-2 0.17 0.0289

Table 20: Comparison of Polystyrene Distance Time Between Theory and PINN. The Power is 8.32 W.

time (s) theory distance (m) PINN model distance (m) residual R (R)2

0 0    

1 0.005    

3 0.01    

4 0.02    

5 0.03 (predict) 3.16e-2 0.0016 0.00000256

Conclusions

To  conclude,  we  study  the  transport  of  the  poly-

mer.  The  polymer  is  polystyrene.  We  measure  its  mass,

length,  width  and  thickness.  We  measure  the  polystyrene

volume. We apply power using DC motor. We study non--

contact polystyrene transport using the applied power. The

distance  is  cm scale  and time range  is  maximum 30  s.  We

observed the  polymer  do not  move beyond the  power-dis-

tance formula. We develop data driven neural network mod-

els  to  match  experiments.  We  study  limited  training  data

sets to predict for any given time. Our simulations consume

less power and computer time. Our work can find applica-

tions in printing, packaging, embossing, sensors, energy, ma-

terial handling and automobiles.
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