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Abstract

In this paper, we perform experiments on DC motor having rollers. The motor are electrically wired to the components of
switched mode power supply (SMPS), controllers and four digital multimeters. The multimeters are used to measure the vol-
tage of the switched mode power supply and controllers. They are used to measure the current and the voltage of the motor.
The device is mounted on the acrylic slab. The controllers are the logic component changing the DC voltage from 1 V to 8
V in the motor. We obtain the current from 0.64 A to 1.04 A, respectively. The power is in Watts. The voltage of the
switched mode power supply is at 12.25V. The voltage of the controller is at 12.25 V. Further, we use data driven neural net-
works to match the experiments. We provide the experiment dataset to predict the current using neural network model. We
develop physics from the theory informed in the neural network to predict the current. The accuracy of the model is good.
Here, we develop physics from the partial differential equations informed in the neural network to predict current. The accu-

racy is good. Our model takes less simulation time. The training time is 20 s and predict time is 0.1 s.
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Introduction

The development of artificial intelligence (AI), ma-
chine learning (ML) and Deep Learning are going towards
rapid revolutions for the machines to learn from the fields
of mathematics, physics, materials and engineering. Relat-
ing the structure and shape of machines to their perfor-
mance is an active area of research in deep learning. Howev-
er, we do understand they work in sustainability over years
from the relation between steel, machine and semiconduc-
tors. The shape of the natural elements to be in direct use
with steel manufacturing is the future [1]. There is a re-
search gap to relate the shape, mass, force to apply, force to
repair, force on the machine with its mathematics. The man-
ufacturing and mathematics should be precise. The general-
ized model from theory and partial differential equations
are big research to know the machine manufacturing and its
formula. Physics informed neural networks works best for
the machine to train and predict its working. The dynamics
of the machine are already known in the mathematics. How-
ever, interactions with multiple machines should be studied

[2].

The quest to phase change on the machine interior
or exterior forces and components then leads to further
studies in hardware. The software provides the matching
availability. The applications are available for area based
manufacturing transport machines [3]. Machine learning is
the simulation of the machines to give reliable results [4].
The sensors are used to provide the data. The sensors for
the electrical machines are typical multimeters. They pro-
vide the current and voltage. The advanced sensors to know
the formula of current are given. The partial charge of the
materials are obtained. The multiple interactions of the ma-
chine are still nascent [5]. The classification of the partial
charging with the materials and the neural networks are
studied in detail [6-7]. Nowadays, the electrical machines
are moving towards the study of energy, fuel, storage and
electric vehicles technology. This ensures the multi domains
engineering with the formula to predict the machine results

and show the possibility for generalized model [8-12].

The hardware architecture in the electrical
machines that provide the software neural network equiva-

lent predict components are the controllers. The integration
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are new [13-19]. The load are the DC motor having rollers.
The power of the motor is obtained sequentially [20-24].
There is scope for the future to integrate multi components
that includes the electric wirings, their physics, insulators
and lightweight materials [25]. The objective to provide gen-
eralized model to integrate with the physics informed neu-
ral networks and predict the machine integrated system
works are necessary. The multi machines can provide the
components that includes the light, digital electronics sen-
sors, environment sensors, mass, pressure and force sensors
[26-29].

In this paper, we study the device motor. We use
switched mode power supply to provide the power to run
the motor. We use controllers connected to the device. The
controllers gives the necessary voltage to the motor. The dig-
ital multimeters are used to measure the voltage of the
switched mode power supply. The multimeters are also
used to measure the voltage of the controllers. We ensure
the voltage of the switched mode power supply and con-
trollers are the same. The multimeters are used to measure
the voltage and the current of the motor. The system are
mounted to the acrylic device. Here, we develop data driven
neural networks to match the experiments. The model has
good accuracy. We develop physics from the theory in-
formed in the neural networks. We develop partial differen-
tial equations informed in the neural networks to match the
experiments. The important contribution is the incorpora-
tion of experiment dataset with physics-informed neural

networks. This is the novelty in our paper.

The rest of the paper is outlined as follows. Section
2 discusses the materials and methods. The necessary theo-
ry and governing equations are elucidated in Section 3. In
Section 4, we provide the data driven neural network,
physics from theory informed in the neural network and
physics from partial differential equations informed in the
neural networks. A detailed discussion of the current-volt-
age characteristics of the motor are given in Section 5. Final-

ly, conclusions are presented in Section 6.

Materials and methods

Figure 1 shows the schematic set up of the device.

The device consists of the components 1) switched mode
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power supply 2) controller 3) DC motor having rollers 4)
electrical wirings 5) switch and 6) acrylic slab for the compo-
nent mounting. The device set up are connected to measure

the current and voltage of the motor. The measurements

9
)

DC motor having rollers

3

are taken using the digital multimeters. The voltage of the
switched mode power supply and the controllers are also
measured. The switched mode power supply have 12 V DC

voltage. The switch is ON state to run the device.

switch

I

controller

o

switched mode
power supply

Figure 1: Schematic set up of the Device

The switched mode power supply, controller and
the motor are purchased from Velonix, India. The switched
mode power supply converts AC voltage to DC voltage.
They have regulators that reduces the 220 V AC voltage to
12 V DC voltage. They have 7 wirings. The switched mode

power supply have cuboid geometry outside (see Table 1).
Inside there are semiconductor elements. The enclosure
have 132 holes for environment safety and ventilations. The
digital multimeter measures the steady state DC voltage of
12 V.

Table 1: Cuboid Geometry Enclosure for the Switched Mode Power Supply

length (cm)

width (cm)

height (cm)

5.8

8.5

3.5

The geometry of the controller are cuboid in the
box. They are not easy to measure. A controller is the feed-
back with electrical wirings. The voltage of the controller is
measured. The controller controls the voltage and current
of the load. Here, the motor is provided as the load. The
electrical wirings with the controller and feedback network

circuitry are well studied with many types of integration
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caps. The caps encapsulated to the wirings are typical insula-
tors. The controller have components of semiconductor
machined system, electrical wirings, insulation caps and
feedback rotating knob. There are 8 wirings connected to
the controller. The controller have a turning knob. The
knob have 14 turns. Table 2 shows the relation between the

knob and the corresponding voltage of the motor.
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Table 2: The Controller Knob is Turned and the Corresponding Voltage Obtained for the Motor

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
There are two external wirings to the motor. Table 3 shows the parameters of the motor.

Table 3: Parameters of the 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 1.2A

Figure 2: Experiment set up of the Device
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The acrylic slab are fabricated in IITM. Table 4

shows the cuboid geometry parameters of the slab. The slab

have 4 legs. They have internal wirings connected to the de-

vice.

Table 4: Geometry of the Acrylic Slab

length (cm)

width (cm)

height (cm)

31

30

0.5

The four multimeters are purchased from electron-
ics, India. The 8 wirings from the multimeters are connect-
ed to measure the voltage of the switched mode power supp-
ly, controllers, motor and current of the motor. Figure 2

shows the experiment device. The switch is made in IITM.

Table 5 shows the geometry of the switch. The
switch wirings are internal to the device. The switched
mode power supply, controllers, motor, switch, electrical
wirings, acrylic slab and multimeters are shown in Figure 2.

The wind forces can cause small disturbances for the cur-

rent measurements. They are the source of error. They are
the environment conditions. The change in the current of
the motor are negligible. The voltage readings on the motor,
switched mode power supply and the controller do not
change due to the wind forces. The multimeters are calibrat-
ed to measure the 12 V DC voltage of the switched mode
power supply and 12 V of the motor as given by the manu-
facturer. The details are given earlier. Table 3 provides the
parameters of the motor. We performed experiments from
1 V to 8 V using the controllers. We measured the voltage

and current of the motor.

Table 5: Geometry of the Switch

length (cm) width (cm) height (cm)
1 1.5 0.5
Theory We calculate the charge inside the motor using Eq.
(D).

Q=CV (1)

where Q is the charge, C is the capacitance and V

is the voltage of the motor. The charge and current relation

are given in Eq. (2).

Q=1Ixt (2)

where I is the current and t is the time.

where & = 8.854 x 10" F/m is the permittivity of
free space, €, is the relative permittivity of the motor. L is
the length and A is the cross section area of the motor. We

assume the relative permittivity of the motor, £, = 3. We
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The capacitance of the motor is given in Eq. (3).

measure the length L = 5.7 cm and calculate the area A = 5.3
x 107" m’. We take time t = 60 s.

Using Eq (1) to Eq (3) and fitting parameter o we
obtain the current inside the motor. The fitting parameter «

is used to match the experiments.
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I =

where a parameter are function of materials, distri-

bution of materials, weight, concentration, moles, geome-

goer AV
a—

(4)

try, valence, constants, number of particles, oxidation reac-
tions, electrical wiring, and device insulators. Table 6 shows

the alpha values to model the current.

Table 6: « Values for the Theory to Obtain the Current in the Motor

1.56E+14

8.70E+13

6.20E+13

5.00E+13

4.10E+13

3.60E+13

3.20E+13

3.16E+13

Armature current

We assume the armature shaft current and load

L=1
V

where I, is the armature current, P is the power

and V is the voltage of the DC motor.

Armature Resistance

In this study we use the voltmeter-ammeter

v
R, = —
A= T,

where R, is the constant armature resistance for

the DC voltage of 0.2 V and corresponding armature cur-

current in the DC motor are equal. The armature current is

calculated from Eq. (5)

(5)

method. We lock the motor shaft to prevent rotation. We
apply low voltage of 0.2 V to understand the DC motor hav-
ing rollers do not rotate. The current is 0.61 A. The current
is the armature current for the given 0.2 V. The armature re-

sistance is calculated from Eq. (6)

(6)

rent (I,). Table 7 shows the low DC motor voltage and the
corresponding armature current. The constant armature re-

sistance is 0.32 ohm as shown in Table 7.

Table 7: DC Voltage, Armature Current and Armature Resistance. The Motor Shaft do not Rotate at the Low DC Voltage

Armature voltage =02V

Armature current = 0.61 A

Armature resistance = 0.32 ohm

JScholar Publishers

J Artif Intel Sost Comp Tech 2026 | Vol 3: 102



Back Electromotive force (EMF)

We use voltage equation method to obtain the

Ey,=V —I1,R\

where E, is the back electromotive force. We ob-
tain the back electromotive force for different applied volt-
age from 1 V to 8 V. The armature current (I,) for each ap-
plied voltage is obtained from Eq. (5). The power of the DC

motor is given. The armature resistance (R,) is fixed to 0.32

Vv

back electromotive force. The back electromotive force is
the magnetic effects in the DC motor. The back electromo-

tive force is calculated using Eq. (7).

(7)
ohm. The armature resistance is obtained as discussed earli-
er. Table 8 shows the back EMF for different voltage of the
DC motor. Figure 3 shows the circuit diagram having the ar-
mature current, resistance and terminal voltage. The load

DC motor is given. The back electromotive force is provid-
ed.

EMF

O

Figure 3: The Circuit Diagram Having the Armature Current, Resistance, Voltage, Load DC Motor and Back Electromotive

Force

Table 8: Parameters of the device

V (volt) | Ia (A) | Power (W) | RA(ohm) | Eb (V) | Ke (V/(rad/s)) | w(rad/s) | speed (rpm) | Torque (Nm)
1 0.64 0.64 0.32 0.7952 0.0064 124.25 1187.102 0.004096
2 0.71 1.42 0.32 1.7728 0.0064 277 2646.497 0.004544
3 0.76 2.28 0.32 2.7568 0.0064 430.75 4115.446 0.004864
4 0.82 3.28 0.32 3.7376 0.0064 584 5579.618 0.005248
5 0.85 4.25 0.32 4.728 0.0064 738.75 7058.121 0.00544
6 0.89 5.34 0.32 5.7152 0.0064 893 8531.847 0.005696
7 0.92 6.44 0.32 6.7056 0.0064 1047.75 10010.35 0.005888
8 1.04 8.32 0.32 7.6672 0.0064 1198 11445.86 0.006656

Angular velocity of the DC motor shaft

In this paper the maximum DC motor voltage is

12 V. At 12 V, the DC motor armature shaft rotates at

JScholar Publishers

18000 revolutions per minute (rpm). The specification chart
provides the rpm of the DC motor at 12 V. The angular ve-
locity is calculated using Eq. (8).
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2m N

“= 50

where N is the speed of the shaft in revolutions per

(8)

minute. Table 9 shows the speed and angular velocity of the
shaft at 12 V of the DC motor.

Table 9: Speed and Angular Velocity of the Shaft. The Applied Voltage to the DC Motor is 12 V

rpm

rad/s

18000

1884.96

Motor back electromotive force constant

.
w

where K e is the back electromotive force constant.
K e is an intrinsic physical property of the motor. As dis-
cussed earlier we know the speed and angular velocity for
applied voltage of 12 V on the DC motor. Using Eq. (9) we
obtain the back electromotive force constant of 0.0064

V/(rad/s). The voltage is 12 V and angular velocity is

1884.96 rad/s. The back electromotive force constant K e is

Eb = Kew

Here, we use the constant K, = 0.0064 V/(rad/s) as
discussed earlier. Table 8 gives the angular velocity of the
motor for different back electromotive force. Eq. (8) is used
to obtain the speed of the motor. Table 8 shows the speed of

the motor in rpm.

T =K.,

where T is the torque of the motor. Table 8 shows
the torque for different armature current. The armature cur-

rent are calculated for voltage from 1 Vto 8 V.

I:/deS
S

where S is the cross-sectional area of the motor, z

Governing equations

is the valence and F is Faraday’s constant. The flux of the
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The motor back electromotive force constant is cal-

culated using Eq. (9).

(9)

same for different voltage.

Relation between angular velocity and back electro-

motive force

The back electromotive force is related to the angu-

lar velocity of the motor using Eq. (10).

(10)
Relation between Torque of the motor and arma-

ture current

The torque created by the motor is related to the

armature current using Eq. (11).

(11)

In this section we provide the partial differential
equations to the motor. The device variables are provided in
the simulations. The current of the motor are given in Eq.
(12).

(12)
electrolyte is contributed by the potential gradient given by

Eq. (13).

J Artif Intel Sost Comp Tech 2026 | Vol 3: 102



D

r=_—
RT

2FOV¢

where D is the diffusion coefficient, c is the concen-
tration of the electrolyte, ¢ is the potential, R is gas constant

and T is the room temperature.

I

_ Dz*F?cSV¢

(13)

Substituting Eq. (13) in Eq. (12) and integrating

over the cross section area we obtain the current in Eq. (14).

RT

Here,

A¢
E—_L_m

where E is the electric field, L, is the length of the

I =

Simulation Details

The length of the motor is LX = 5.7 cm. The diame-
ter of the motor is 2.6 cm. The area is 5.3 x 10-4 m2. We
study voltage from 1 V to 8V. The concentration, voltage
and electric field of the device are provided in the Table 10.
The diffusion coefficient of the electrolyte is D = 2 x 10-9

D2*F?cSE
RT

(14)

(15)

motor. The field equations Eq. (14) and Eq. (15) are solved

to obtain the current. The current is given in Eq. (16).

(16)

m2/s. We assume valence z = 1, Faraday constant F =
96485.3 C/mol and gas constant R = 8.314 J/ (mol K). Here,
the room temperature T = 300 K. We consider 10 grid
points. The voltage applied from the motor and its electric
field are given in Table 10. The concentration assumed for

each voltage are provided in the Table 10.

Table 10: Simulation Parameters to Model the Motor

voltage (V) electric field (V/m) concentration (mM)
1 -17.6 9200
2 -35.1 5100
3 -52.7 3600
4 -70.2 2900
5 -87.8 2400
6 -105.3 2100
7 -122.81 1900
8 -140.4 1850

Data Driven Neural Network (DDNN)

JScholar Publishers

Here we develop data driven neural network,
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physics informed from theory incorporated in the neural
networks and physics informed from partial differential equ-
ations incorporated in the neural network. The neural net-
works to understand the experiment dataset are the novel

contribution. We obtain the motor parameters that includes

10

permittivity, gas constants, current, voltage and power, re-
spectively. The simulation gives the applicability of early
fault detection of insulation and degradation in the machine
to relate with the specification chart. Table 11 shows the vol-
tage and current of the motor. We performed four repeats.

They are trial 1, trial 2, trial 3 and trial 4, respectively.

Table 11: Current-Voltage Characteristics for the DC Motor Having Rollers. Trial 1, Trial 2, Trial 3 and Trial 4 are the Four Re-

peats
Trial 1 Trial 2 Trial 3 Trial 4
voltage (V) | current (A) | voltage (V) | current (A) | voltage (V) | current (A) | voltage (V) | current (A)

1 0.64 1 0.65 1 0.64 1 0.64
2 0.71 2 0.72 2 0.71 2 0.72
3 0.76 3 0.77 3 0.78 3 0.78
4 0.82 4 0.83 4 0.81 4 0.82
5 0.85 5 0.87 5 0.88 5 0.86
6 0.89 6 0.93 6 0.94 6 0.92
7 0.92 7 0.96 7 1.03 7 1

8 1.04 8 1.08 8 1.12 8 1.14

Figure 4 shows the schematic of the data driven
neural network. The neural network uses training data. We

consider 7 training data sets. The training data set 1 have

Training data

| 3 sets of multimeter measurements

variables [voltage, current and power] of the motor. The
training data 1 was provided as a csv file. The variables are
repeated 7 times giving [7x 3] values in each training data

set.

Tu,i results

Figure 4: Schematic of Data Driven Neural Network

Deep learning (DL) layer

We use ReLU rectified linear unit activation func-

tion in python. ReLU is a fitting function. The control theo-
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ry provides the rectified linear unit. ReLU fits the variables.
The model provides the weight for the training data. In our
model the linear activation function are provided for maxi-

mum accuracy.
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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')

The model uses mean square estimation function
to calculate the accuracy while obtaining the weight. The
weight obtained are optimized with minimal loss. The code
having the weight calculation in the python are given. The
number of default lines 1024 are used to follow python soft-

ware.

csv_logger = CSVLogger('training log.csv', ap-
pend=True)

model fit(X_train, X_train, epochs = 200, batch_-
size = 30, callbacks=[csv_logger])

The epochs are studied. We find the epochs do not
compromise the accuracy of the training data. The predic-
tion for one test set data are studied. The model takes less
computer time. The training time is 20 s and predict time is

0.1 s. The python code to predict the test variables are giv-

11

en.
testinput = []

Test = pdread_csv('data/Testl.csv,header =
None)

Test = Test.values testinput.append(Test)

testperforming = array(testinput).reshape(l, 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")

Aloutput = pd.DataFrame(testoutput)

Aloutput.to_csv('Predict.csv’,header = None, in-
dex = False)

The test data with the predicted variables of [volt-

age, current and power] are saved in the file.

Table 12 shows the training data 1 used in the data
driven neural network. The training variables are [voltage,

current and power].

Training data set 1

Table 12: Train data 1 Used for Data Driven in the Neural Network.

voltage(V) current(A) Power(W)
1 0.64 0.64
1 0.64 0.64
1 0.64 0.64
1 0.64 0.64
1 0.64 0.64
1 0.64 0.64
1 0.64 0.64

Table 13 shows the test data given to predict the
test current from the data driven neural network. The test

variables given are [voltage and power]. We provide 7 re-
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peats of the test data to predict the test current 7 times us-

ing the data driven neural network.
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Test set
Table 13: Test Data Given to Predict the Test Current Using Our Data Driven Neural Network
voltage(V) current(A) Power(W)
8 0 8.32
8 0 8.32
8 0 8.32
8 0 8.32
8 0 8.32
8 0 8.32
8 0 8.32
Predicted results and square of the residual are given. Table 14 shows the
comparison between the actual current and the model.
Table 14 shows the comparison between the actual Table 15 shows the comparison between the power and the
voltage and the data driven neural network. The residual model.

Table 14: Comparison of Experiments Voltage, Current with the Predicted Results from Data Driven in the Neural Network

voltage(V) | predict voltage(V) | residual(R) residual(Rz) current(A) predic(tAc)u rrent residual(R) residual(Rz)
8 8.29 0.29 0.0841 1.04 0.768 0.272 0.074
8 8.26 0.26 0.0676 1.04 0.767 0.273 0.0745
8 8.36 0.36 0.1296 1.04 0.728 0.312 0.0973
8 8.26 0.26 0.0676 1.04 0.775 0.265 0.0702
8 8.24 0.24 0.0576 1.04 0.7.41 0.299 0.0894
8 8.24 0.24 0.0576 1.04 0.762 0.278 0.0772
8 8.28 0.28 0.0784 1.04 0.772 0.268 0.0718

Table 15: Comparison of Experiments Obtained Power with the Predicted Power in Watts from the Data Driven in the Neural

Network
Power (W) predict power (W) residual(R) residual(R2)
8.32 8.03 0.29 0.0841
8.32 8.08 0.24 0.0576
8.32 8.09 0.23 0.0529
8.32 8.03 0.29 0.0841
8.32 8.09 0.23 0.0529
8.32 8.09 0.23 0.0529
8.32 8.03 0.29 0.0841
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We calculate the the root mean square error (RM-

13

SE). The root mean square error is calculated as given in Eq
(10).

RMSE =

where Pi is the predicted value, Oi is the actual re-

sult for observation i. n is the number of data points.

The steps to calculate the root mean square error

are given.

1. We first calculate the residuals (R). The residu-
als are obtained by calculating the absolute difference be-
tween the actual result and the predicted value. We avoid
negative values in the answers because they are physical

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

3. We calculate the mean squared error (MSE).
We sum and mean of all the square of the residuals, respec-

tively. We consider n is the total number of data points.

Physics from theory informed to neural network

Training

voltage current

permittivity

SR -0l (17)

4. We calculate the root mean square error by tak-

ing the square root of the calculated mean square error.

The mean squared error for the current is 0.08.
The root mean square error is 0.28. The accuracy of predict-
ed current from the data driven neural network are 72%

compared to the experiments.

Physics from theory informed in the neural net-

works

Figure 5 shows the schematic of the physics in-
formed from the theory in the neural network.. We consid-
er 7 training data sets. The training data set 1 have variables
[voltage, current and relative permittivity] of the motor.
The training data are obtained from theory. The training da-
ta 1 was provided as a csv file. The variables are repeated 7

times giving [7x 3] values in each training data set.

Test results
Predict
current (A)

Figure 5: Schematic of Physics from theory informed in the neural network

The deep learning DL layer are same in the data
driven neural network and physics from theory informed in
the neural networks. The python lines of training code, fit
function to obtain weights and predict lines of code use are

same as mentioned in the earlier section. We provide 7 train-
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ing data. We predict one test data. Table 16 shows the train
data provided to the physics from the theory in the neural
network. The training variables are [voltage, current and rel-

ative permittivity].

Training data set 1

J Artif Intel Sost Comp Tech 2026 | Vol 3: 102



Table 16: Train Data 1 used for Physics Informed Theory in the Neural Network

Voltage current(A) €
1 0.64 3
1 0.64 3
1 0.64 3
1 0.64 3
1 0.64 3
1 0.64 3
1 0.64 3
Table 17 shows the test data provided to the neural are [voltage and relative permittivity].
network to predict the test current. The test variables given
Test set
Table 17: Test Data Set for Physics Informed Theory in the Neural Network
voltage(V) current(A) €
8 0
8 0
8 0
8 0
8 0
8 0
8 0

Predicted results

Table 18 shows the provided voltage and the

Table 18: Comparison Between the Provided and Physics Informed Theory in the Neural Network for the Voltage; Current.

physics informed theory in the neural network. Table 18

shows the comparison between the current and the model.

We compare the relative permittivity in Table 19.

the Residual and Square of the Residual are Calculated

voltage(V) v (5::;2?;) residual(R) residual(Rz) current(A) | predict current(A) | residual(R) residual(Rz)
8 7.93 0.07 0.0049 1.04 0.964 0.076 0.0058
8 7.92 0.08 0.0064 1.04 0.941 0.099 0.0098
8 7.84 0.16 0.0256 1.04 0.935 0.105 0.011
8 7.89 0.11 0.0121 1.04 0.923 0.117 0.014
8 7.92 0.08 0.0064 1.04 0.980 0.06 0.0036
8 7.97 0.03 0.0009 1.04 0.963 0.077 0.006
8 7.94 0.06 0.0036 1.04 0.931 0.109 0.012
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Table 19: Comparison of Provided and Physics Informed Theory in the Neural Network, Relative Permittivity. The Residual

and Square of the Residual are Calculated

€ predicte residual(R) residual(RZ)
3 3.01 0.01 le-4

3 2.96 0.04 0.0016

3 3.02 0.02 0.0004

3 2.94 0.06 0.0036

3 2.97 0.03 0.0009

3 2.97 0.03 0.0009

3 3.03 0.03 0.0009

We predict the device variables including voltage,
current and permittivity of the motor. The mean squared er-
ror for the current is 0.009. The root mean square error is

0.1. The accuracy of the model is good.

Physics informed partial differential equations in

the neural network

Figure 6 shows the schematic of the physics in-
formed from the partial differential equations in the neural
network.. We consider 7 training data sets. The training da-
ta set 1 have variables [voltage, current of motor and gas
constant]. The training data are obtained from partial differ-
ential equations. The training data 1 was provided as a csv
file. The variables are repeated 7 times giving [7x 3] values

in each training data set.

Physics from PDE informed to neural network

Training

DC motor with the rollers partial differential

equations to obtain the variables
A

[

current

gas constant

Test results

Predict
current (A)

Figure 6: Schematic of Physics from Partial Differential Equations Informed in the Neural Network

The deep learning DL layer are same in the data
driven neural network and physics from partial differential
equations informed in the neural networks. Table 20 shows

the train data provided. The training variables are [voltage,

JScholar Publishers

current and gas constant]. Table 21 shows the test data set.

The test variables given are [voltage and gas constant].

Training data set 1

J Artif Intel Sost Comp Tech 2026 | Vol 3: 102
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Table 20: Train Data 1 Used for Physics Informed Partial Differential Equations in the Neural Network

voltage(V) current(A) gas constant (J/mol K)
1 0.64 8.3
1 0.64 8.3
1 0.64 8.3
1 0.64 8.3
1 0.64 8.3
1 0.64 8.3
1 0.64 8.3

Test data set

Table 21: Test Data Set for Physics Informed Partial Differential Equation in the Neural Network

voltage(V) current(A) gas constant (J/molK)
8 0 8.3
8 0 8.3
8 0 8.3
8 0 8.3
8 0 8.3
8 0 8.3
8 0 8.3

Predicted results

Table 22 shows the comparison between the pro-
vided voltage and the physics informed partial differential
equations in the neural network. Table 22 shows the com-

parison between the current and the model. The residual

and square of the residual for the current are given. The
mean squared error for the current is 0.009. The root mean
square error is 0.1. The accuracy of predicted current are
good. Table 23 shows the comparison between the gas cons-

tant and the model.

Table 22: Comparison of Provided and Physics Informed Partial Differential Equation in the Neural Network for the Voltage;

Current. The Residual and Square of the Residual are Calculated

voltage(V) V(ﬁi:g;;;) residual(R) residual(Rz) current(A) culiz(rilitc(;) residual(R) residual(Rz)

8 7.81 0.19 0.036 1.04 0.97 0.07 0.0049
8 7.79 0.21 0.044 1.04 0.95 0.09 0.0081
8 7.74 0.26 0.068 1.04 0.99 0.05 0.0025
8 7.75 0.25 0.063 1.04 0.92 0.12 0.0144
8 7.78 0.22 0.048 1.04 0.95 0.09 0.0081
8 7.71 0.29 0.084 1.04 0.94 0.1 0.01

8 7.72 0.28 0.079 1.04 0.92 0.12 0.0144
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Table 23: Comparison of the Provided and Physics Informed Partial Differential Equation in the Neural Network for the Gas

Constant. The Residual and Square of the Residual are Calculated

gas constant (J/mol K) predict gas constant (J/molK) residual (R) residual (RZ)

8.3 8.47 0.17 0.0289
8.3 8.38 0.08 0.0064
8.3 8.47 0.17 0.0289
8.3 8.43 0.13 0.0169
8.3 8.46 0.16 0.0256
8.3 8.50 0.2 0.04

8.3 8.40 0.1 0.01

Results and Discussion

Figure 7 shows the current-voltage characteristics
of the motor. The intercept is 0.6. We understand the motor
can use its current to drive light weight single and multiple
polymers. Figure 7 shows the comparison of the current-vol-
tage characteristics of the motor between the experiments,
theory and simulations. The simulations shown in Figure 7
are from partial differential equations and the data driven
neural networks. Figure 8 shows the comparison of the cur-

rent-voltage characteristics of the motor between the experi-

ments and physics informed neural networks. The physics
is informed from the theory that is included in the neural
network. Figure 8 shows the physics obtained from the par-
tial differential equations that are included in the neural net-
work. We observe when the model provided to the neural
network is robust, the predict results for current match the

experiments.

Table 24 shows the comparison of the current mea-
sured and the theory. The voltages are given. The mean
squared error for the current is 1.85e-5. The root mean

square error is 0.005.

Table 24: Comparison Between the Device Experiments with the Theory. We Calculate the Residual and the Square of the Resi-

voltage (V) current (A) theory current (A) residual (R) residual (Rz)
1 0.64 0.642148 0.002148 4.61E-06
2 0.71 0.716242 0.006242 3.9E-05
3 0.76 0.765638 0.005638 3.18E-05
4 0.82 0.823267 0.003267 1.07E-05
5 0.85 0.843848 0.006152 3.78E-05
6 0.89 0.889128 0.000872 7.6E-07
7 0.92 0.922059 0.002059 4.24E-06
8 1.04 1.040609 0.000609 3.71E-07
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Figure 7: Comparison Between the Experiments, Theory and Simulations Current-Voltage Characteristics of the Motor. The

Simulations Include Partial Differential Equations and Data Driven Neural Networks.

Table 25 shows voltage, current from the experi-

ments and the partial different equation numerical simula-

tions. The residual and square of the residual are calculated.
The mean squared error for the current obtained from the

simulation is 0.00015. The root mean square error is 0.12.

Table 25: Device Experiments and Partial Differential Equations Simulations. We Calculate the Residual and the Square of the

0

Residual
voltage (V) current (A) simulation current(A) residual (R) residual (RZ)
1 0.64 0.638572 0.001428 2.04E-06
2 0.71 0.707982 0.002018 4.07E-06
3 0.76 0.749628 0.010372 0.000108
4 0.82 0.805156 0.014844 0.00022
5 0.85 0.83292 0.01708 0.000292
6 0.89 0.874566 0.015434 0.000238
7 0.92 0.923153 0.003153 9.94E-06
8 1.04 1.027268 0.012732 0.000162
| 7
1 o——1
g 0.8 5 " |
506 —#-experiment
° - A physics informed theory NN
a5 #-physics informed PDE NN
0

2

4 6 8 10
voltage (V) ’

Figure 8: Comparison Between the Experiments and Neural Network Simulations of the Current- Voltage Characteristics. The

Simulations Include the Physics from Theory Informed in the Neural Network and Partial Differential Equations and Data

JScholar Publishers

J Artif Intel Sost Comp Tech 2026 | Vol 3: 102



19

Driven Neural Networks. The Voltage of the Switched Mode Power Supply and Controller are Measured as 12.25 V in Our Ex-

periments.
Figure 9 shows the comparison between the test The mean squared error for the voltage is 0.08. The root
voltage of the motor with the data driven neural network. mean square error is 0.28. We consider the root mean

square error to obtain the accuracy. The accuracy is good.

oo
=

data driven NN

G0 oo o0
— 2

actual

voltage (V)
=]
O o

7.8
values

Figure 9: Comparison of the Voltage of the Motor Between Experiment and Data Driven Neural Network

Figure 10 shows the comparison between the pow- works. The mean squared error for the power is 0.067. The

er from the experiments and the data driven neural net- root mean square error is 0.26.

N

actual

Lad

G0 Do 00 OO
b

-

data driven NN

Power (W)
=~
v

7.8
values

Figure 10: Power Obtained from the Experiments and Predict Results from Data Driven in the Neural Network.

Figure 11 shows the test voltage and the predicted the neural network. The mean squared error for the voltage

voltage from the physics informed theory incorporated in is 0.008. The root mean square error is 0.1. The theory cap-
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tures the physics of the device.

actual

7.94 Physics informed theory NN

values
Figure 11: Comparison of the Voltage of the Motor Between Experiments and Physics Informed Theory in the Neural Network

Figure 12 shows the comparison between the actu- the physics from the theory incorporated in the neural net-
al relative permittivity and the simulation. The relative per- work The mean squared error for the relative permittivity is

mittivity is calculated for the motor. The simulation uses 0.0012. The root mean square error is 0.04.

Physics informed theory NN

o actual

2.99
values

Figure 12: Relative Permittivity Prediction from Physics Informed Theory in the Neural Network

Figure 13 shows the voltage of the motor obtained the voltage is 0.06. The root mean square error is 0.25. We
from the experiments. We compare the test voltage in the use physics from partial differential equations informed to
experiment with the physics informed partial differential the neural network. The field calculations are added to the
equation in the neural network. The mean squared error for neural network. The device variables are predicted using the

simulations. The accuracy is good.
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voltage
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Figure 13: Comparison of the Voltage of the Motor Between Experiments and the Physics Informed Partial Differential Equa-

tion in the Neural Network

Figure 14 shows the comparison of the gas cons- The mean squared error for the gas constant is 0.023. The
tant between the physics informed from the partial differen- root mean square error is 0.15. The multi domain device
tial equations in the neural networks and the actual value. variables and the constants are obtained from our simula-

tions.
8.5
Physics informed PDE NN
B.45
84

R (Jmol K)
o

actual

(=]
L

8.25

8.2
values
Figure 14: Gas Constant Prediction from Physics Informed Partial Differential Equation in the Neural Network

Experiment Dataset parameters provided to Data Figure 15 shows the parameters of the device pro-

Driven Neural network vided to the neural network. The architecture of the neural

network are provided.
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Figure 15: Schematic of Data Driven Neural Network for Parameters of the Device

Train set

In this paper, we provide train set parameters that
include voltage of the DC motor, armature current (same as
the DC motor current), power of the motor, armature resis-
tance, back electromotive force, back electromotive force
constant, angular velocity of the motor, speed and Torque
of the motor. We provide 7 training datasets. We provide

the 7 training datasets in 7 csv files. We ensure each file

have the parameters voltage of the DC motor, armature cur-
rent (same as the DC motor current), power of the motor,
armature resistance, back electromotive force, back electro-
motive force constant, angular velocity of the motor, speed
and Torque of the motor. We ensure each file have the same
parameters repeated seven times. Each csv file have [7x 9]
array. Here the rows 7 are for repeats. The columns 9 are
the parameters. Table 26 shows the train set experiment da-

ta sheet.

Table 26: Train Set Parameters of the Device

V(volt) | Ta (A) P(o\;/vvc)er RA(ohm) | Eb (V) | Ke (V/(rad/s)) | w(rad/s) |speed (rpm)| Torque (Nm)
1 0.64 0.64 0.32 0.7952 0.0064 124.25 1187.102 0.004096
2 0.71 1.42 0.32 1.7728 0.0064 277 2646.497 0.004544
3 0.76 2.28 0.32 2.7568 0.0064 430.75 4115.446 0.004864
4 0.82 3.28 0.32 3.7376 0.0064 584 5579.618 0.005248
5 0.85 4.25 0.32 4.728 0.0064 738.75 7058.121 0.00544
6 0.89 5.34 0.32 5.7152 0.0064 893 8531.847 0.005696
7 0.92 6.44 0.32 6.7056 0.0064 1047.75 10010.35 0.005888

Test set

We consider 1 test set. The test set parameters in-
clude voltage of the DC motor, power of the motor, arma-
ture resistance, back electromotive force, back electromo-
tive force constant, angular velocity of the motor, speed and
Torque of the motor. We provide the 1 test set parameters

in one csv file. We ensure the file have the parameters volt-

JScholar Publishers

age of the DC motor, power of the motor, armature resis-
tance, back electromotive force, back electromotive force
constant, angular velocity of the motor, speed and Torque
of the motor. We ensure the file have the same parameters
repeated seven times. The one test csv file have [7x 8] array.
Here the rows 7 are for repeats. The columns 8 are the ex-
periment data sheet. The column of the current are filled

with zero. Table 27 shows the test set.
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Table 27: Test Set Device Parameters

V(volt) | Ta(A) | Power (W) | RA(ohm) | Eb (V)

Ke (V/(rad/s)) | w(rad/s) rpm

Torque (Nm)

8 0 8.32 0.32 7.6672

0.0064 1198 | 11445.86 0.006656

The data driven neural network is used to predict

the armature current for the test set parameters.
Predict current

Table 28 shows the predict current from the neu-
ral network. The predict current is 1.3 A. The experiment

current is 1.04 A for voltage of 8 V. The accuracy is good.

The variance is 0.0676. The root mean square error is 0.26.
The variance and root mean square error are shown in
Table 28. The neural network consistently reads the experi-
ment data sheet, gets trained to predict the current for the
test set parameters. The experiment data sheet is provided
for DC motor device run by terminal voltage and controller.

This is novel contribution of our paper.

Table 28: Predict Current with the Device Parameters

Armature current (A) Predict current (A)

Variance R2 Root Mean Square Error

1.04 1.3

0.0676 0.26

Conclusions

To conclude, we measure the current-voltage char-
acteristics of the motor. The experiments match the theory
and simulations. We develop neural networks. We use theo-
ry in our neural networks to understand the benefits of
physics in the device. We use partial differential equations
in the neural network to understand the device. The model
predicts the motor current with good accuracy. Our neural
network predicts the motor current for experiment data
sheet of the device. These robustness are significant contri-
butions towards predicting the device variables. Our work
can find applications in multi domain formula to experi-
ments, energy, storage, manufacturing, robotics, packaging,
material handling, semiconductors, electric vehicles and sen-

SOrs.

JScholar Publishers
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