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Abstract: The optimal performance of direct current (DC) motors is intrinsically linked to their
mathematical models’ precision and their controllers’ effectiveness. However, the limited availability
of motor characteristic information poses significant challenges to achieving accurate modeling and
robust control. This study introduces an approach employing artificial neural networks (ANNs) to
estimate critical DC motor parameters by defining practical constraints that simplify the estimation
process. A mathematical model was introduced for optimal parameter estimation, and two advanced
learning algorithms were proposed to efficiently train the ANN. The performance of the algorithms
was thoroughly analyzed using metrics such as the mean squared error, epoch count, and execution
time to ensure the reliability of dynamic priority arbitration and data integrity. Dynamic priority
arbitration involves automatically assigning tasks in real-time depending on their relevance for
smooth operations, whereas data integrity ensures that information remains accurate, consistent, and
reliable throughout the entire process. The ANN-based estimator successfully predicts electromechan-
ical and electrical characteristics, such as back-EMF, moment of inertia, viscous friction coefficient,
armature inductance, and armature resistance. Compared to conventional methods, which are often
resource-intensive and time-consuming, the proposed solution offers superior accuracy, significantly
reduced estimation time, and lower computational costs. The simulation results validated the effec-
tiveness of the proposed ANN under diverse real-world operating conditions, making it a powerful
tool for enhancing DC motor performance with practical applications in industrial automation and
control systems.

Keywords: PMDC; ANN; parameter estimation; feedforward network; Bayesian regularization;
Levenberg–Marquardt

MSC: 68T05; 68T07

1. Introduction

A power system is a complex network that delivers electrical energy from generating
plants to consumers at the distribution level via transmission lines. On the distribution side,
consumers predominantly use direct current (DC) electrical drives, which are crucial in their
daily lives, and their use is steadily increasing. DC electrical drives provide advantages
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such as high efficiency, wide-speed control, and rapid response. The main component is the
DC motor, which is widely used owing to its simplicity, easy control, and high performance.
DC drives are widespread in industries and household appliances. Their ease of control
and high efficiency make them the first choice for manufacturers. Permanent-magnet DC
(PMDC) motors are simple, easy to use, dependable, and efficient, making them very useful
in various industries and daily applications [1].

PMDC motors are used in the automobile industry in applications such as power
windows, windscreen wipers, and cooling fans. They are common in home equipment,
such as electric shavers, hair dryers, blenders, and vacuum cleaners. The list extends to
electric tools, such as screwdrivers and drills, which are also used in the medical field for
devices such as infusion pumps and other portable medical equipment requiring small,
lightweight motors. Due to the widespread use of DC motors, one cannot overlook the
aspect of parameter estimation, which is crucial for controlling, maintaining stability,
ensuring efficiency, and enhancing the reliability of the motor. It is essential to obtain
precise parameters to achieve control responses, develop a system model, design control
techniques, and extract mathematical models.

Precise parameter estimation using an accurate model is crucial in such scenarios.
Various techniques have been employed to achieve this objective. For example, optimization
techniques such as whale optimization have been used for parameter estimation [2]. The
recursive least-squares method was employed to estimate the unknown parameters in
DC motors [3]. Furthermore, a comparison between the non-linear least-squares method
and pattern search optimization algorithms for parameter estimation were presented in
reference [4]. Real-time parameter estimation in PMDC motors was performed using
quantized sensors, as described in reference [5]. This technique was further analyzed
through online parameter estimation of a PMDC motor. The output from the quantized
sensors was utilized for online parameter estimation of the DC motor, as discussed in [6].
Here, we provide an extensive example to demonstrate various estimation applications.

A method for estimating the DC motor was proposed by considering the effects of the
armature teeth slots and commutation, as outlined in [7]. Various motors were evaluated,
and the collected data were analyzed to obtain an optimal solution. One mathematical
optimization method for handling parameter estimation issues is multiparametric program-
ming. This approach involves estimating the system parameters by minimizing the cost
function dependent on constraints, as discussed in [8]. An innovative method for parameter
estimation based on the Rao-1 algorithm and a modified Kalman filter was proposed in [9].
One of the most widely used optimization techniques is a genetic algorithm (GA) [10],
which can easily perform parameter estimation. In reference [11], GA-based grey wolf
optimization (GWO) was used. However, because the algorithm involved a considerable
amount of data, more time was required to obtain the estimated parameters for the brushed
DC motor.

Several approaches have been employed for measuring the parameters of a DC mo-
tor [12], and these approaches are related to machine learning to a certain extent. In
reference [13], only the temperature was estimated using different machine learning algo-
rithms such as regression, a support vector machine (SVM), and decision trees. Similarly,
in reference [14], a regression model was utilized to identify a DC motor; however, parame-
ter estimation was not performed. A cascade feedforward neural network (CFNN) was
utilized to simultaneously estimate the parameters and state of a DC motor [15]. The rotor
resistance, temperature, and speed of the motor were estimated using this technique in
addition to Bayesian regularization backpropagation (BRBP). Power consumption for a DC
motor was estimated by [16] using artificial neural networks (ANNs). Two-dimensional
modeling of the external rotor brushless DC (BLDC) motor using finite element analysis
(FEA) software was employed. The motor’s power was measured using ANNs, SVMs, and
extreme learning machines (ELMs) to obtain estimated motor power values. Several recent
studies have also demonstrated progress in estimation using machine learning algorithms,
but these can only measure one or two parameters [17]. For instance, the Kalman Filter
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algorithm improves the accuracy of DC motor speed estimation by reducing the noise
ripple and optimizing the filter parameters to improve performance and stability. However,
only one parameter, i.e., speed, was estimated [18]. A fractional-order adaptive Kalman
filter (FOAKF) was used for sensorless DC motor speed estimation, which is superior to
the previous method [19]. Similarly, in Ref. [20], the position and speed of BLDC were
estimated using dual ANNs with high accuracy. FEA and genetic programming (GP)
have been used to predict the torque of brushless DC motors [21]. Parametric simulations
and bidirectional LSTM AI models were used to estimate the rotor speed of the BLDC
motors [22]. A hybrid estimator combining Machine Learning (ML) and Extended Kalman
Filter (EKF) techniques accurately estimates BLDC motor speed and back-EMFs, with an
Artificial Neural Network (ANN) showing the highest accuracy [23]. Recently, a com-
parative study of the Steiglitz–McBride, Jaya, GA, and GWO algorithms for parameter
estimation of DC motor dynamic models revealed GWO’s high accuracy but at a higher
computational cost, whereas Steiglitz–McBride offers a better balance between accuracy
and efficiency [24]. All these techniques estimate only one or two parameters, but our
model can estimate all the parameters for better accuracy and control of PMDC motors.

This study presented a novel approach for estimating the critical parameters of a
PMDC motor using an ANN. Furthermore, it addresses the challenge of limited motor-
characteristic information by defining practical constraints to simplify the estimation
process. A mathematical model for optimal parameter estimation was developed, and two
advanced learning algorithms were introduced to train the ANN efficiently. The ANN-
based estimator predicts the motor’s key electromechanical and electrical characteristics,
such as the back-EMF, moment of inertia, viscous friction coefficient, armature inductance,
and armature resistance.

2. Modeling of a PMDC Motor

The design of a permanent-magnet DC motor comprises two main parts. One is the
electrical part, and the other is the mechanical part of the motor. The electrical component
contains the armature resistance (Ra) and armature inductance (La). The mechanical parts
have a moment of inertia

(
Jeq
)

and a viscous friction constant (B). When the motor is in
motion, it produces torque due to its angular speed (ωr). When the motor is started, it
produces a back-EMF voltage, which is shown as Vb in Figure 1.
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Figure 1. PMDC Model Diagram [1].

The PMDC model parameters utilized are summarized in Table 1, which is taken from
an openly available dataset [25]. These are the actual values used to compare the estimated
and actual values of the PMDC motor parameters. The equation for the PMDC motor
shown in Figure 1 is as follows:

Var = iaRa − La
dia

dt
− Vb (1)
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Table 1. Actual available data on a PMDC motor [25].

Parameters Values

Armature Resistance (Ra) 2.0 Ω
Armature Inductance (La) 0.5 H

Moment of Inertia
(

Jeq
)

0.02 Kgm/s2

Viscous Friction Coefficient (B) 0.2 N.m.sec
Back-Electromotive Force (EMF) Constant Kb 0.1 V/rad/sec

3. Problem Formulation

The PMDC motor model was transformed with error minimization of the given
mathematical model. A cost function for minimization was created using the sum of
squared errors (SSE). The difference between the actual speed (i.e., the output speed of the
motor yact) and the output speed of the estimated model ( yest) is the error signal. Different
optimization methods, genetic algorithms, and particle swarm optimization are efficient;
however, all these methods are stuck at a certain level and are unable to match the actual
values of the parameters.

To improve the precision of the estimated parameters, namely the armature inductance,
armature resistance, torque constant, viscous friction constant, and moment of inertia, a
machine learning algorithm was used to address this issue. The error between the calcu-
lated speeds was minimized by optimizing the estimated parameters, resulting in a more
accurate representation of the dynamic behavior of the DC machine. The complexity of the
problem increases with the absolute error owing to the disparity between the measured
and estimated data. The problem was solved by applying a machine learning algorithm
to achieve the minimum difference between the measured and estimated values and to
obtain an optimal solution with maximum efficiency and correct parameter estimation in
less time.

This study has two sub-frameworks: the ML algorithm and a comparison with the
optimization technique. A dataset was provided to the ML algorithm to predict the
estimated values of the parameters, and then a comparison was made with a previously
used optimization technique.

yact =
Kb

(J eqs + B)(Las + Ra) + K2
b

(2)

yest =
Kdcω2

n
s2 + 2ζωns +ω2

n
(3)

In Equation (2), Kb represents the back-EMF constant. In Equation (3), Kdc, ζ, and ωn
will be calculated by

Kdc =
1

BRa + K2
b

(4)

ζ =
JeqRa + BLa

2
√(

BRa + K2
b
)(

JeqLa
) (5)

ωn =

√
BRa + K2

b
JeqLa

(6)

4. Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models that emulate neural
structures to facilitate pattern recognition, data classification, and predictive analytics across
various applications, including machine learning, natural language processing, and image
recognition [26]. With advancements in deep learning, ANNs, particularly deep neural
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networks, have evolved to handle increasingly complex tasks, contributing significantly to
AI progress [27].

A neural network is defined as a collection of interconnected artificial neurons, also
referred to as units, arranged in a layer-by-layer configuration [28]. Fundamentally, an
ANN comprises three primary layers: input, hidden, and output layers. The weighted
directed graph is mostly used to view an ANN, with artificial neurons acting as nodes. The
input signal for the ANN can be a vector picture and pattern from an external source [29].
Further details related to an ANN’s functionality can be found in the literature [26–30]. In
cases where there is insufficient data to train the model, such as rare or extreme events,
ANN application is not feasible [30].

5. The ANN’s Algorithm
5.1. Multilayer Perceptron Neural Network

A feedforward neural network with a hidden layer positioned between the input and
output layers is called a multilayer perceptron (MLP). The optimal option is to use a single
hidden layer to render the MLPs a global approximator. A crucial step is to choose the
hidden layers to include the number of neurons in each hidden layer. Increasing both
variables improves the learning capacity, but the network responds slowly. This selection
procedure is often empirical and issue-specific.

ys = δ0

(
N

∑
j=0

ω
y
sj

(
δH

(
M

∑
i=0

ωH
ji xi

)))
(7)

• ω
y
sj symbolizes the weights that are transferred from the hidden layer’s neuron j to

the kth output neurons.
• ωH

ji portrays the weights that are transferred from neuron i in the input layer to neuron
j in the hidden layer.

• xi corresponds to the ith element in the input layer.
• The activation functions in the hidden and output layers are denoted as δH and δ0.

It is necessary to minimize the following cost function:

min
Jeq,B, La ,Ra ,Kb

N

∑
k=1

|yact(k)− yest(k)|2 (8)

5.2. Bayesian Backpropagation

To enhance the generalizability of artificial neural network models for accurate fore-
casting, the training datasets should be embedded within the Bayesian paradigm. It is a
well-organized and all-embracing structure created by Bayesian probability theory, which
enables it to address uncertainty with simplicity.

Bayesian Regularization Framework

To optimize regularization parameters using Bayesian theory, the minimal point Pmin of
a given function G(ω)must be calculated using the Hessian matrix. The Levenberg–Marquardt
optimization approach [31], which is based on the Gauss–Newton approximation, was
used to determine the minima.

∆ωi = −
[
∇T(ωi)∇(ωi) + ζiI

]−1
∇T(ωi)V(ωi) (9)

where ζ is the step-regulating parameter and ∇(ωi) is the Jacobian matrix. The sum of
squares function is denoted by V(ωi).

G(ω) =
N

∑
k=1

V2
k (ω) = VT(ω)V(ω) (10)
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The following relations are used to determine the regularization parameters G and K:

Φmin =
ζ

2γwWmin
(11)

Ψmin =
N − ζ

2γDWmin
(12)

Here, the effective number of parameters utilized to lower the error function is shown
by ζ. The definition of the variable ζ is given by:

ζ = n − 2Φmintr(Hmin)
−1 (13)

H = 2Ψ∇T∇+ 2Φ In may be used to construct the Hessian matrix, where n is the
overall number of network parameters. The objective function is defined as

G(ω) = ΨγD + ΦγE (14)

Alternatively, the function can be expressed in terms of the mean square term:

G(ω) = Ψ
M

∑
m

(
Γtar − ΓT

act

)
(Γtar − Γact) + ϕ

n

∑
j

ω2
j (15)

where Γact denotes the vector representing the provided network’s actual response and
Γtar is the target vector. The pseudo-code for the Bayesian backpropagation is described in
Algorithm 1.

Algorithm 1 Bayesian Backpropagation

Result: Weight & biases update for curve approximation
Initialization: Initialize Φ, ψ, and weights vector randomly while TolLevel < ϵ do

• Compute γD and γE: First, calculate ϕ and ψ by setting ζ = n using Equations (5) and (6).
• Take the initial step toward minimizing the cost function in Equation (8) using the

Levenberg-Marquardt algorithm.
• Compute ζ using Equation (7). The Hessian Matrix H is calculated using relation

H = 2Ψ∇T∇+ 2Φ In
end

5.3. Levenberg–Marquardt Algorithm

A new version of Newton’s technique for minimizing functions that is the sum of
the squares of other non-linear functions is the Levenberg–Marquardt algorithm. This is
effective for neural network training, using the MSE as the performance metric.

xn+1 = xn − A−1
n gn (16)

where An = ∇2G(x)
∣∣
x=xn

and gn = ∇G(x)|x=xn
. If we assume that it is a sum of

squares function:

G(x) =
M

∑
j

v2
j (x) = vT(x)v(x) (17)

then the nth element of the gradient would be

[∇G(x)]n =
∂G(x)

∂xn
= 2

M

∑
j=1

vj(x)
∂vj(x)

∂xn
(18)
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The gradient can, therefore, be written in matrix form:

∇ G(x) = 2KT(x)v(x) (19)

where

K(x) =


∂v1(x)

dx1

∂v1(x)
dx2

. . . ∂v1(x)
dxn

∂v2(x)
dx1

∂v2(x)
dx2

. . . ∂v2(x)
dxn

. . . . . . . . . . . .
∂v1(x)

dx1

∂v1(x)
dx2

. . . ∂vM(x)
dxn

 (20)

Next, we determine the Hessian matrix. The elements of the Hessian matrix are

[
∇2G(x)

]
n,j

=
∂2G(x)
∂ xn∂ xj

= 2
M

∑
j=1

{
∂vj(x)
∂ xn

∂ vj(x)
∂ xj

+ ∂ vj(x)
∂2 vj(x)
∂ xn∂ xj

}
(21)

The Hessian matrix can then be expressed in matrix form:

∇2G(x) = 2KT(x)K(x) + 2S(x) (22)

where

S(x) =
M

∑
j=1

vj(x)∇2vj(x) (23)

Assuming S(x) is small, the following approximation can be used to obtain the Hessian
matrix:

∇2G(x) = 2KT(x)K(x) (24)

The pseudo-code for the Levenberg–Marquardt algorithm is described in Algorithm 2.

Algorithm 2 Levenberg–Marquardt algorithm

Step 1. Initialize: Initialize neural network weights θ0 and Levenberg–Marquardt algorithm
parameters: λ (damping parameter), ϵ (tolerance) randomly.
Step 2. Forward pass: Compute the output of the neural network for all input samples, which

can be evaluated by ŷ = f
(

θj, X
)

Step 3. Backward pass: Compute the error between the network output and the target output
E = Y − y, and compute the gradient of the error with respect to the network weights : ∆E = E

θj
.

Step 4. Jacobian matrix: Compute the partial derivatives of the network output with respect to

each weight parameter where K =
∂ f (θj ,X)

∂θj

Step 5. Hessian matrix: Compute the outer product of the Jacobian matrix with itself by
computing H = KT K
Step 6. Damped least squares approximation: Compute the damped least squares approximation
of the Hessian matrix by using Hλ = H + λI.
Step 7. Parameter update: Solve the linear system for the parameter update can be evaluated by

∆θj =
(

Hλ
)−1

∇E
Step 8. Update network weights: Update each weight using the corresponding parameter
update with the help of θj+1 = θj + ∆θj

Step 9. Evaluate change in error: If
∣∣∣∣∣∣Ej+1

∣∣∣∣∣∣<∣∣∣∣∣∣Ej

∣∣∣∣∣∣ then decrease λ otherwise increase λ.

Step 10. Check for convergence: If
∣∣∣∣∣∣Ej+1 − Ej

∣∣∣∣∣∣< ϵ , converge.

Step 11. End: Return the trained neural network with weights θj+1.

6. Results and Discussion

Using machine learning for parameter estimation of DC motors is a relatively new
area of exploration. In this study, parameter estimation for a PMDC motor was conducted
using an ANN. The principal rationale for adopting ANNs is their ability to effectively
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define non-linear relationships between inputs and outputs, particularly for resolving
non-linear interdependencies. Moreover, ANNs are scalable and can manage large datasets,
making them suitable for applications in which substantial amounts of data are received
from sensors and motor controllers. Moreover, ANNs are robust against noisy data and
fluctuations in sensor readings, which are common in embedded motor control environ-
ments. The cost function is selected as the MSE, where the five parameters of the PMDC
motor—armature resistance, armature inductance, moment of inertia, back-EMF constant,
and viscous friction constant—are condensed into three parameters to simplify the problem.
The new estimated parameters are Kdc (DC gain), ωn (the natural frequency), and ζ (the
damping ratio) of the PMDC motor.

The data used to train the neural network were sourced from a publicly available
dataset on Kaggle titled “Operation of DC motor” [25]. The dataset was collected by
varying the input voltage and torque parameters. The simulated engine parameters are
an armature resistance of 2 Ω, an armature inductance of 0.5 H, a friction constant of
0.2 N/rad/s, and a moment of inertia of value 0.02 Kg/m2. The input voltage varies from
1 to 100, while the torque is input voltage times 0.05.

The dataset contains 18 columns with dimensions of 5150 × 18. It contains voltages,
speed at different voltage levels, the electric conversion constant, and the electromechanical
conversion constant. Thus, the machine learning algorithm used 18 features and 5150 obser-
vations. Eighty percent of the dataset was used for training, while the remaining 20 percent
was used to test the ANN model. Because there is no standard procedure to determine the
number of hidden layers and neurons in each layer, different configurations are tested. The
chosen architecture has two hidden layers, and the number of neurons in each hidden layer
is 20 and 10. Hyperparameter tuning was performed by varying the number of epochs,
learning rates, activation functions, and weight initializations.

The graph depicts the performance profile of the ANN model, represented by the MSE
on the y-axis and epochs on the x-axis, as shown in Figure 2. As the training advances, the
graph shows a decreasing MSE, indicating an improvement in the predicted accuracy of
the model. Initially, the MSE was high, indicating that the model continually learned and
modified its weights. By the 35th epoch, the ANN converged and achieved the optimum
performance with a significantly low MSE of 0.0033919. This convergence point shows
that the model successfully captured fundamental information patterns while minimizing
prediction errors. The consistent decrease in the MSE across epochs highlights the learning
process of the model, which is driven by weight optimization via backpropagation and
gradient descent. Each epoch represented one complete trip through the training dataset,
enabling the ANN to adjust its parameters repeatedly. The low final MSE value demon-
strates the model’s performance in minimizing the difference between the predicted and
actual values, demonstrating its robustness and dependability. The graph shows that the
system did not overfit when performing at the lowest MSE. In addition, the system achieved
the best value for the testing and training data, with the lowest number of iterations.

The training state graph of the ANN model provides a thorough picture of the numer-
ous key parameters that converged at the 35th epoch, as shown in Figure 3, which consists
of five subgraphs: gradient, MU, number of parameters, sum-squared parameters, and
validation checks. At convergence, the gradient achieved a minimum of 0.0043, indicating
that the optimization procedure successfully fine-tuned the weights. The momentum term
(MU) demonstrates the impact of the adaptive learning rate on the training dynamics.
The total number of parameters, 605, demonstrates the model’s intricacy and ability to
understand deep data patterns. The sum-squared parameters, 5.0749 × 1032, represent the
cumulative weight magnitudes, indicating the vast parameter space of the model.
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Finally, a validation check score of zero indicated no validation failures, ensuring solid
efficiency without overfitting. This thorough convergence at the 35th epoch represents the
optimal state of the ANN, which balances accuracy with generalization. The convergence
of the ANN model at the 35th epoch improved the accuracy and adaptability of the system
by successfully optimizing the weights and preventing validation failures. This condition
guarantees a balanced model that can make exact predictions while being generalizable,
thereby enhancing overall system performance.
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After a feedforward neural network is trained, the error histogram is a histogram of
the errors between the target and predicted values, as shown in Figure 4. The number
of vertical bars in a graph is called a bin. Here, the entire error range was split into
30 smaller bins.
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The number of samples from the dataset that fall into a certain bin is shown on the
y-axis. For instance, a bin in the middle of the plot represents an error of 0.0115. The bin
height of the training dataset was below but close to 150, whereas the bin height of the
validation and test datasets was between 150 and 200. This indicates that many samples
from various datasets have inaccuracies in the following range:

The zero-error value on the error axis (often known as the x-axis) is matched by the
zero-error line. As shown in Figure 4, in this instance, a zero-error point is located beneath
the bin with a center at 0.0115. The system shows an absolute error histogram, where the
error has been minimized to the center, and the system has achieved maximum efficiency
in predicting the values.

The different regression results are shown in the following figures, and the test data
results are shown in Figure 5. As discussed earlier, the training dataset was 80 percent of
the total dataset. This indicates that the model trained the dataset and fitted the neural
network with an efficiency of 99.72 percent.

After training the ANN using the training dataset, as discussed earlier, 20 percent of
the dataset was used to test the ANN model. This allows us to evaluate the predictive
ability of the proposed model. The output of the test dataset is shown in Figure 5. The
output shows that the model predicts the test data accurately and efficiently. The model
showed a prediction efficiency of approximately 99.69 percent efficiency. This indicates that
the training and testing data validated each other. Both were highly efficient. The testing
data demonstrated the model’s efficiency by showing values that were extremely close to
those of the training dataset.

The ANN-based model predicts the same values. Thus, the model has estimated
values for the parameters close to their actual values. This indicates that the ANN-based
model can estimate the values with an efficiency of 99.71 percent.
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The results from implementing the ANN model surpassed those achieved using
previously employed optimization techniques for parameter estimation. The ANN model
demonstrated remarkable efficiency with an accuracy of up to 99.7 percent. Before this,
various optimization techniques were employed for the parameter estimation of DC motors,
which yielded satisfactory results to a certain extent. The GA, one of the most effective
optimization techniques, produced superior results. The GA exhibited an efficiency of
98.6 percent. Therefore, the ANN demonstrated one percent higher efficiency than the GA.
Nevertheless, the ANN parameter estimation outperformed the GA, yielding significantly
better results.

A comparison of the estimated and actual parameters (i.e., derived from Equations (4)–(6))
of the PMDC motor is presented in Table 2. This table compares five parameters for a PMDC
motor, including real values and estimations from the GA. The DC gain constant (kdc) had
an actual value of 0.0999, with ANN and GA estimations of 0.0995 and 0.0993, respectively.
Both approaches demonstrated negligible discrepancies and good accuracy, with the ANN
being somewhat more accurate. The natural frequency (ωn) is 4.4743, which nearly matches
the ANN estimate of 4.4739, with a small divergence from the GA at 4.4152. The damping
ratio (ζ) has an actual value of 1.3409, which is virtually identical to the ANN estimate of
1.3409, whereas the GA estimates 1.3152, showing less accuracy than the ANN. The SSE
for both approaches is small, with the ANN at 2.52 × 10−29 and the GA at 1.03 × 10−23,
although the ANN performs better. Finally, the ANN converged in 35 iterations versus the
GA in 200, demonstrating the efficacy of the ANN in parameter estimation.

The ANN and GA produced accurate estimates of the PMDC motor’s characteristics,
although the ANN was more precise and efficient. The ANN technique closely matches
the real values for kdc, ωn, and ζ, with a low SSE error and substantially fewer iterations
needed to reach convergence.
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Table 2. Comparison of a PMDC Motor’s Estimated and Actual Parameters.

Parameters Actual Values ANN GA

kdc 0.099900099 0.09952 0.9937
ωn 4.474371464 4.47391 4.415215
ζ 1.340970468 1.34097 1.31126

SSEE rror 0 2.52 × 10−29 1.03 × 10−23

Iterations 200 35 200

Table 2 shows that the ANN efficiently estimated the parameters of the PMDC motor,
outperforming the research employing a GA. Additionally, it is a less time-consuming pro-
cess with fewer iterations. Previously utilized optimization techniques require numerous
iterations and more time to achieve better results. Both machine learning and optimization
approaches are highly complex technologies rooted in advanced mathematics. These meth-
ods require substantial processing power and data. These technologies profoundly impact
current and future decision-making, particularly as data generation advances.

7. Conclusions and Future Work

This study aims to accurately estimate the parameters of a PMDC motor to develop
a precise and comprehensive motor model that is critical for optimizing the design and
control of DC motors using an artificial neural network (ANN). In this paper, the five
parameters of the PMDC motor—armature resistance, armature inductance, moment of
inertia, back-EMF constant, and viscous friction constant—have been initially condensed
to just three parameters (i.e., dc gain constant, natural frequency, and damping ratio)
to simplify the problem. Then, An ANN-based error minimization objective function
was formulated, and advanced optimization techniques were applied to achieve accurate
parameter estimation. The ANN model has demonstrated remarkable efficiency, estimating
values with up to 99.7 percent accuracy. The results demonstrated that the ANN model
outperformed traditional convergence rate, accuracy, and computational efficiency methods.
Specifically, the ANN achieved rapid convergence with significantly fewer iterations and
closer alignment to the true parameter values, leading to lower estimation errors and
enhanced model reliability. Comparative analysis indicated that the ANN-based approach
yielded more refined and precise parameter estimates, making it a superior PMDC motor
modeling and control tool. These findings underscore the effectiveness of ANNs in real-
world applications and their potential to drive advancements in motor control strategies.

Future Work

The loading effect on the PMDC motor was overlooked while estimating the DC motor
characteristics in this research effort; however, future work can be expanded to examine
the impact of loading on the PMDC motor parameters. Hardware with a loading effect
can be used to execute the operation, and related parameters can be approximated. In
addition, machine learning has numerous algorithms that can be used to estimate the
PMDC parameters. Furthermore, other algorithms may be used to produce better and
more efficient results.
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