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ABSTRACT This article presents a novel methodology for estimating the double-cage model (DCM) for
three-phase induction machines (TIMs) using decision tree-based algorithms. Validated on a diverse dataset
of 860 machines spanning a power range from 0.12 to 370 kW, the proposed method stands out by requiring
fewer input parameters than traditional techniques like the modified Newton method. Moreover, the proposed
approach remains effective even when the input data exhibits statistical deviations, a common challenge
in practical scenarios. The main contributions of this work are the reduction of the number of parameters
necessary for the estimation of the DCM equivalent circuit and employing three distinct decision tree-based
algorithms, whose effectiveness was confirmed through simulations and experimental tests, thereby provid-
ing an accurate representation of the dynamics of real TIMs. The results indicate that by using only basic and
readily available data from machine nameplates, such as nominal current, power, speed, voltage, and torque,
the proposed methodology provides a reliable and efficient framework for incorporating the real dynamics of

TIMs into computational models.

INDEX TERMS Decision tree algorithms, double-cage model (DCM), induction machines, parameter esti-

mation.

L. INTRODUCTION

Three-phase induction motors (TIMs) are widely recognized
for their compact design, durability, and ease of manufacture,
which make them highly preferred for a variety of applications
such as pump systems, fans, elevators, and milling equipment.
Their widespread use and significant energy consumption
have established TIMs as a predominant load in many global
electrical infrastructures [1].

A critical area of TIM research is the development of mod-
els that accurately capture their dynamic behavior to improve
design, optimize control strategies, and enhance diagnostic
methods. Various modeling approaches have been proposed
in the literature, including physical models [2], finite element
method models [3], magnetic equivalent circuit models [4],
and models based on Fourier analysis [5]. Among these,
lumped parameter models based on equivalent circuits are

extensively utilized because of their simplicity and clear phys-
ical interpretation. In particular, double-cage models (DCM)
are useful for accurately predicting TIM starting current and
torque based on the machine manufacturer data, even when
various rotor geometries are present [6]. Fig. 1 depicts the
DCM single-phase circuit, where R; and X; represent the
equivalent resistance and inductive reactance of the stator
winding, X,, denotes the magnetizing reactance, and R/Z, Xz/,
R/, and X7’ correspond to the parameters of the inner and outer
cages, respectively.

The estimation of DCM parameters can be significantly
improved by employing computational techniques that over-
come the limitations of experimental methods, especially
for high-power TIMs [7]. Techniques such as Newton—
Raphson, Levenberg—Marquardt, Damped Newton—Raphson,
and genetic algorithms have been applied in this context [8].
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FIGURE 1. Double-cage single-phase equivalent circuit for TIM.

However, modified Newton-based approaches are particularly
sensitive to errors in the input data arising from statisti-
cal deviations, since manufacturers typically provide values
within the tolerances allowed by the IEC standards [9],
which can lead to inaccuracies in the estimated equiva-
lent circuit parameters [10]. Although the method described
in [6], [10] provides accurate estimates when provided with
well-defined input data, it is limited in practical applica-
tions where data variability is common, although it has been
integrated into widely used engineering tools such as MAT-
LAB/Simulink [11].

Recently, machine learning (ML) techniques have emerged
as a promising alternative to analyze TIM behavior by identi-
fying complex nonlinear patterns without the need for explicit
mathematical modeling. Although traditional techniques for
motor parameter estimation are based on laboratory no-load
and blocked-rotor tests or analytical modeling frameworks,
which can be complex, impractical, or time consuming,
ML-based methods offer a data-driven alternative that ad-
dresses these limitations by allowing scalable, automated, and
high-throughput parameter estimation from readily available
sources, such as manufacturer catalog or real-time sensor
data [12]. Furthermore, these methods can offer improved
accuracy even when data sets contain statistical deviations
and errors [13]. As can be seen in the recent literature, ML
techniques have demonstrated significant potential in the es-
timation of induction machine parameters. Recent studies
illustrate various approaches, including artificial neural net-
works (ANNGs) applied to large motor data sets with reduced
error margins [14], genetic algorithms optimized for fault con-
ditions in multiphase systems [15], and hybrid metaheuristic
ML methods that improve accuracy and convergence of the
estimation [16]. Further advances include ANN models with
minimal root mean square errors in broad power ranges [17]
and combined evolutionary local search strategies to extract
parameters from nameplate data [18].

Collectively, these approaches highlight the applicability of
ML to parameter estimation in different motor configurations
and operational scenarios, even when noise and nonlinearity
are present. Although several studies have used ANNs for
parameter estimation, decision trees (DT) are often preferred
for tabular datasets due to their superior interpretability, sim-
pler architecture, fewer hyperparameters and generally faster
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classification times [19]. Despite these advantages, few works
in the literature have explored the use of DTs to estimate
equivalent TIM circuit parameters, particularly within the
context of the DCM.

In this context, the primary objective of this article is to
enhance the modified Newton method presented in [10] by
proposing a novel TIM parameter estimation approach for
the DCM that employs DT algorithms, applicable to ma-
chines with power ratings up to 370 kW, operating under
normal, fault-free conditions. The proposed methodology of-
fers several key advantages, including the use of a reduced
number of input parameters and the demonstration of robust-
ness to lower-quality statistical input data while still achieving
accurate DCM parameter estimates. This is accomplished
by constructing a dataset of over 860 TIMs using MAT-
LAB’s “power AsynchronousMachineParams” function, and
then employing three DT algorithms, XGBoost, CatBoost,
and Random Forest, to estimate the various DCM circuit pa-
rameters. The effectiveness of the proposed methodology is
validated through both simulations and experimental tests.

The main contributions of this work are as follows.

1) A reduction in the number of input parameters required
for determining DCM equivalent circuit parameters, as
compared to the modified Newton method.

2) The implementation and validation of three distinct DT
algorithms for estimating DCM equivalent circuit pa-
rameters.

3) An assessment comparing the proposed method with
conventional techniques under conditions of input data
variability, demonstrating superior performance.

The rest of this article is organized as follows. Section II
discusses the DCM and the modified Newton method. Sec-
tion III presents the DT algorithms (XGBoost, CatBoost, and
Random Forest) used in this work. Section IV details the
construction and preprocessing of the TIM dataset. Section V
focuses on model hyperparameter optimization and evaluation
metrics. Section VI presents the simulated and experimental
results. Finally, Section VII concludes this article.

Il. DOUBLE-CAGE INDUCTION MOTOR MODEL

The structure of the TIM consists of a stator and a rotor. The
rotor is typically of the squirrel-cage type and can feature
various bar geometries. These variations result in different
lumped-parameter circuit models, such as single-cage and
double-cage configurations. The double-cage model offers
distinct characteristics and advantages for specific applica-
tions, and its equivalent circuit model provides a more precise
description of torque and current characteristics compared
to single-cage models [20], [21]. For this reason, the DCM
formulation was adopted for TIM.

Fig. 1 presents the equivalent circuit per phase for a double-
cage TIM. In this circuit, Vi and i; denote the voltage and
current of the stator phase, respectively. The currents of the in-
ner and outer cages are represented by i,; and i,o, respectively.
The stator resistance Ry models the energy losses due to the
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Joule effect in the stator windings, while the reactance X; ac-
counts for magnetic flux leakage from the stator windings. For
the rotor, the outer cage resistance R’z’ accounts for both the
energy delivered to the mechanical system and the associated
thermal losses, whereas the inner cage resistance is indicated
by R). The leakage reactances for the inner and outer cages are
X; and X, respectively. In addition, the model incorporates
the magnetizing reactance X,,, which represents the magnetic
flux responsible for generating the rotating magnetic field in
the air gap.

A. MODIFIED NEWTON METHOD TO ESTIMATE DCM OF
TIM

The parameters of DCM can be determined by solving a
system of six nonlinear equations (1)—(6), using a modified
Newton method, as described in [10]. This method relies on
common manufacturer data, including nominal mechanical
power (Py), nominal power factor (PFy), maximum torque
(Tyy), starting current (Is7), starting torque (7sr), nominal
efficiency (ny), and rated slip (sy). A critical aspect of this
approach is its requirement for an extensive set of input data.
In addition to the aforementioned parameters, the method
requires the nominal stator’s root mean square (RMS) voltage
(V,), the nominal frequency (f;,), nominal current (/,,), nomi-
nal mechanical torque (7;,), nominal speed (,), synchronous
speed (NV;), as well as several torque and current ratios, such
as the starting current to nominal current, starting torque to
nominal torque, and breakdown torque to nominal torque ra-
tios. With these inputs, the parameters Ry, X, X, R, X}, R},
and X' can be easily calculated using MATLAB/Simulink’s
“power_AsynchronousMachineParams” function.

ity = 22 g ()
) = m;—g(”) ~0 @)
i) = TM_T—;(SM) ~0 3)
At =2~ @
fs@) = RT%TT(” ~0 )
folo) = ”N;—Z“N) =0. ©)

However, the accuracy of this method is highly dependent
on the precise determination of input parameters. This de-
pendence highlights the statistical sensitivity of the method
and underscores the need for reliable data to ensure accu-
rate predictions of motor performance. In addition, the large
number of inputs required can complicate practical applica-
tions, as obtaining consistent and precise measurements is not
always feasible in real-world scenarios. In some cases, the
TIM datasheet may be unavailable or may not provide all the
necessary data.

VOLUME 6, 2025

In(A)<0.758
MSE = 47.54
Samples = 96
Value = 10.85

In(A)<-0.406 In(A)<2.061
MSE = 8.632 MSE = 48.704
Samples = 80 Samples = 16
Value = 7.92 Value = 22.448
In(A)<0.306 (N (rpm)<-0.949 )
MSE = 4.032 MSE = 11.943
Samples = 38 Samples = 12
Value = 10.424 Value = 19.208

FIGURE 2. Partial visualization of a Random Forest DT for predicting X,.

lil. DECISION TREE-BASED ALGORITHMS

DT-based algorithms are widely employed in various fields,
including classification, regression, and feature selection [22].
Their fundamental concept involves recursively partitioning
the data into subsets based on attribute values until a stop-
ping criterion is reached, resulting in a tree structure where
each node represents a decision based on a specific attribute.
The optimal attribute for each split is selected using criteria
such as information gain, gain ratio, and Gini index [23]. An
important advantage of DTs is their interpretability, enabling
users to easily understand and explain the decision-making
process [24]. In addition, these algorithms effectively handle
both categorical and numerical data, enhancing their versatil-
ity and efficiency across a wide range of applications.

In this context, DT-based algorithms are selected in this
work due to their interpretability, computational simplicity,
and suitability for tabular data [25], which generally char-
acterize motor nameplate information. Moreover, its trans-
parency and traceability features facilitate the analysis of the
influence of input variables, such as voltage, current, speed,
and torque, in the estimation of the DCM parameters [26].
Moreover, DTs are also robust to incomplete or noisy inputs,
maintaining consistent performance even under data statistical
deviations [27], which is a common scenario in practice. Fur-
thermore, DTs can capture nonlinear dependencies between
features without requiring intensive data preprocessing [28],
allowing direct modeling of the complex relationships in-
herent in the estimation of DCM parameters. In addition,
DT exhibits greater efficiency in scenarios involving smaller
datasets [29].

Fig. 2 depicts a partial representation of how the Random
Forest DT is applied in this work to predict X,,, for example. In
this example, each node represents a conditional split, where
the dataset is divided based on the most influential features
to minimize the Mean Squared Error (MSE). The primary
splitting criterion in this case is the nominal current (7, [A]),
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Algorithm 1: Gradient Boosting.

Input: Dataset D

Loss Function L

Base Learner L,
Number of Iterations M
Learning Rate n
Initialize the model:

n
FO () = ; Ly
(#) = argmjn 3~ L(s.0)
for m =1to M do
Compute residuals (negative gradients):
. OL(y;, F'(x;
i) = |0
;) F(z)=F(m=1)(z)

Fit a new base learner ¢,,, (z) by minimizing:
. . 2
Om = argmin y _ [~gm(w:) — Bo(w:)]
i=1
Compute the weight p,,,:

pm = axgmin y_ L(ys, FU" 7V (i) + pom (:))
1=1

Update the model:
FO™(2) = FOD(2) + 1 dm ()

OLtput: Final model:

M
F(z) = FM(z) = Y npmém (@)

indicating its strong influence on the prediction of X,,,. Further
down the tree, additional features, such as the nominal speed
(N [RPMY)), refine the predictions by progressively dividing
the data.

A. GRADIENT BOOSTING

While DTs are powerful models, they often suffer from
overfitting and limited predictive performance when used
individually [30]. Ensemble methods, such as Boosting, over-
come these limitations by combining multiple weak learners
into a strong predictive model. In Boosting, DTs are trained
sequentially, with each tree correcting the errors of its pre-
decessor and thereby refining the overall model. Among the
various Boosting techniques, Gradient Boosting stands out
as one of the most effective approaches, as it iteratively
minimizes prediction errors through gradient-based optimiza-
tion [31]. Gradient Boosting follows an iterative approach
to minimize prediction errors by sequentially improving the
model. The process begins with an initial prediction, F® (x),
chosen to minimize the overall loss function. In each iteration,
the algorithm focuses on the residual errors, computed as the
negative gradients of the loss function relative to the current

918

predictions, and then trains a new weak model, ¢,,(x), to ap-
proximate these residuals. To achieve optimal correction, the
algorithm determines an optimal weight, p,,, which minimizes
the loss when ¢,,(x) is added to the existing model. Here
n represents the learning rate that controls the contribution
of each new model. This iterative process, repeated for M
iterations, progressively improved the model’s accuracy, as
outlined in Algorithm 1.

B. XGBOOST, CATBOOST AND RANDOM FOREST

XGBoost employs gradient boosting techniques that combine
high predictive performance with computational efficiency. A
key advantage of XGBoost is its robustness against overfit-
ting, achieved through built-in regularization that constrains
model complexity and promotes better generalization to un-
seen data [32]. By penalizing overly complex models, XG-
Boost maintains a balance between accuracy and simplicity,
enhancing its overall predictive capabilities. In contrast, Cat-
Boost (Categorical Boosting) is a gradient boosting algorithm
specially designed for classification and regression tasks. A
key feature of CatBoost is its built-in overfitting detector,
which can stop the training earlier when excessive model
complexity is detected, thereby improving the model’s per-
formance and reliability [33]. Furthermore, CatBoost uses
ordered boosting to prevent target leakage from influencing
model predictions [34]. These mechanisms enable CatBoost
to deliver robust and accurate predictions for parameters like
X; and Xz/. Moreover, Random Forest is an ensemble learning
method based on bagging (Bootstrap Aggregating), where
multiple DTs are trained independently on random subsets of
the data. Unlike boosting, which builds trees sequentially to
correct previous errors, bagging trains each tree in parallel and
then combines their predictions, typically by averaging them
in regression tasks [35]. This approach reduces the risks of
overfitting individual trees.

IV. DATA COLLECTION AND PREPROCESSING

The dataset utilized in this work was constructed with
MATLAB’s “power_AsynchronousMachineParams” function
available in MATLAB/Simulink, which employs the mathe-
matical procedure described in Section II-A to determine the
seven circuit parameters (Ry, X1, X, R}, X, Ry and XJ).
Data were compiled from multiple manufacturers’ catalogs to
ensure a diverse representation of TIM. In total, specifications
for 860 TIMs were collected, covering power ratings from
0.12 kW to 370 kW. During dataset construction, TIMs with
outlier circuit parameters or high estimation errors were ex-
cluded. Table 1 provides examples of specifications of TIM’s
M1-M4, which are present in the utilized dataset. Further-
more, the dataset underwent pre-processing before training
and classification to enhance the model’s robustness against
variations in input data.

The proposed model relies on key electrical parameters
of TIMs while significantly reducing the number of input
variables compared to the method proposed in [10]. In this
work, the selected inputs are the nominal line current (7,
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TABLE 1. Examples of TIM Specifications From Manufacturer Data

Manufacturer Specifications

T™M V,I[V]l fn[Hzl PIkW] I,[A] T,[Nm] NI[RPM] [/, Ts/Tn Tp/Tn PF
M1 460 60 7.5 12.4 40 1770 9.6 2.7 4.2 0.83
M2 460 60 15 26 122 1178 6.8 2.5 3 0.79
M3 460 60 22 37.5 178 1180 6.3 2.6 2.8 0.79
M4 460 60 90 142 721 1192 7.7 2.7 3 0.84

[A]), the nominal power (P [kW]), the nominal speed (N
[RPM]), the nominal voltage (V,, [V]), and the nominal torque
(T,, [Nm]). This choice was motivated by the feasibility and
the satisfactory results obtained during the tests, enhancing
the approach’s suitability for practical applications. This re-
duction in the input features was achieved through feature
engineering [36] and transformation methods [37]. The se-
lection of transformation techniques was based on empirical
evaluations of their impact on model performance, specifically
evaluated using MSE metrics. For example, reciprocal trans-
formations, represented by f(x) = )lc effectively normalize
extreme values [38], and significantly reduce the MSE for the
parameter R;. In contrast, the R parameter showed improved
performance when an advanced transformation, combining
polynomial and interaction features, was applied. For the
remaining parameters, no transformation was necessary, sug-
gesting that their relationship with the inputs was already
sufficiently linear or that additional transformations would
introduce unnecessary complexity. Overall, this feature en-
gineering approach enabled the model to maintain reliable
predictions even when input conditions vary, thereby increas-
ing its applicability in practical scenarios.

V. MODEL TRAINING AND VALIDATION

The training process involved fitting the models to trans-
formed data and evaluating their performance using both the
MSE and Shapley additive explanations (SHAP) values [39],
which provide insight into the contributions of features to
the predictions. To optimize the performance of the model,
an open-source hyperparameter optimization framework [40]
was employed to fine-tune the parameters of each model using
a tree-structured Parzen estimator (TPE) algorithm [41]. This
approach systematically explored and refined hyperparameter
combinations, such as the number of estimators, maximum
tree depth, and the minimum number of samples required to
split a node. After 50 tests, the best-performing set of hyper-
parameters was selected to train the final model. The three
algorithms, XGBoost, CatBoost, and Random Forest, were
rigorously evaluated for each output parameter.

VL. RESULTS

This section presents the main results obtained from explor-
ing the following aspects: the estimation accuracy of DCM
parameters, the robustness of the system to input variations,
and the experimental results.
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A. PARAMETER ESTIMATION ACCURACY

The final model was evaluated on a subset of 50 TIMs, with
the motors described in Table 1 serving as a representative
sample covering ranging from 7.5 to 90 kW. Fig. 3 shows
the values for the circuit parameters (Ry, X1, Xp, X3, R},
X}’ and RY) obtained using the Modified Newton method (as
detailed in Section IV) alongside the values estimated using
different DT algorithms that require only five inputs param-
eters. Specifically, the XGBoost algorithm was employed to
estimate Ry, R}, and R; CatBoost was used for X; and XJ; and
Random Forest was applied for X,, and X,'. These algorithms
were selected through iterative evaluations to achieve optimal
performance.

Fig. 3 also indicates the percentage Absolute Relative Error
(ARE) between the reference and estimated parameter values.
In general, the results show that the discrepancies are minimal
for most circuit parameters across TIMs M1 to M4. For Ry,
X1, Xz/ and R’2’ the absolute errors were less than 0.5%, while
for R}, and X7, the errors remained below 2.5%. The highest
errors were observed for X,,,, ranging from 11.035% for TIM
M1 to 1.057% for TIM M4.

Fig. 4 compares the electromagnetic torque waveforms for
TIMs M1 to M4, using circuit parameter values estimated by
both the modified Newton method and the proposed method-
ology, respectively. Although slight differences are observed
between the reference and estimated torque waveforms, these
variations are minimal, underscoring the reliability and accu-
racy of the proposed approach.

B. ROBUSTNESS TO INPUT VARIATIONS

To assess the efficiency of the proposed method in practical
scenarios, where TIM manufacturer data may exhibit statisti-
cal deviations, this section examines how both the proposed
approach and the modified Newton method respond to small
variations in the input parameters.

Fig. 5 shows the DCM circuit parameter estimations for
TIM M1 under V,, and I, variation, with deviations of +1%,
+3%, and +5% for these variables. As shown in Figs. 5(a)
and 5(b), the conventional method exhibits significant dis-
crepancies in the estimated parameters when V,, and I, vary.
For example, with a V;, deviation, the conventional method
produced an ARE of 44% while the proposed methodology
achieved an error of only 4% for R;. Similarly, for deviations
in I,, the conventional method yielded an absolute error of
414% for X}, compared to a 0% error with the proposed
approach.
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FIGURE 3. Estimated DCM circuit parameters, comparing values estimated using the modified Newton and proposed methods.

TABLE 2. Standard Deviation of the Absolute Maximum Relative Error (o,

) for Different DCM Parameters Under Different Variations of Input Parameters

Variation

Method Tare(B1)  0,5p(X1)  0upp(Xm) 0,pp(X3) 0app(Ry)  0,5p(XY)  0,p(R5) Med(o,zy)

N Modified Newton 50.27 105.90 5.74 28.80 420.91 105.89 26.62 50.27
Proposed 39.27 6.16 2.10 41.60 536.77 7.46 18.20 18.20

T Modified Newton 27.30 30.98 7.04 176.48 34.94 30.98 88.71 30.98
Proposed 40.39 33.47 1.08 55.98 3.22 13.53 22.37 22.37

In Modified Newton 28.22 32.04 1.28 195.01 39.94 32.04 80.81 32.04
Proposed 6.31 9.33 5.77 17.07 5.68 10.32 69.09 9.33

Vi Modified Newton 27.57 33.67 1.16 175.99 30.06 33.67 93.43 33.67
Proposed 8.06 9.66 4.69 13.46 11.92 1.77 10.92 9.66

Fig. 6 expands the results depicted in Fig. 5 by showing the
maximum ARE with input variations: —1%, —3%, —5% for N
(Fig. 6(a)); £5%, £3%, £1% for T (Fig. 6(b)); and £5%,
+3%, £1% for V, and I, [Fig. 6(c), Fig. 6(d)], across four
different motors (M1-M4), whose parameters were described
in Table 1. This figure considers the parameters obtained usin
the modified Newton method [10] and the proposed method.

In overall, it can be observed that a greater number of errors
equal to or greater than 100% occurred for the modified New-
ton method compared to the proposed method. For example,
considering variations in N, nine cases exhibited errors greater
than or equal to 100% under the traditional method, while only
three such cases were observed under the proposed method.
Similarly, for variations in 7, five cases exceeded the error
of 100% for the traditional method, while only one case did
so for the proposed method. In the case of variations in V,,
five errors greater than 100% were recorded for the traditional
method, while no such errors were observed for the proposed
method. Finally, for variations in I, five instances of errors
exceeding 100% were identified using the traditional method,
compared to only one instance under the proposed method.

920

In addition, it is noted that the ARE values for the proposed
method tend to be relatively lower for more parameters, even
considering different TIM. To better evaluate this last aspect,
the standard deviation of the absolute maximum relative error
(0,zz) Was calculated for different variations in input pa-
rameters, considering the modified Newton method and the
proposed method, as shown in Table 2. As can be seen by
the red numbers in Table 2, the proposed method exhibited a
lower o, ,, than the modified Newton method for variations in
N and T in two parameters, namely X; and R,. For the I, and
V,, cases, it had a lower o, in only one parameter, X,,. To
represent the overall behavior of o,,, the median of o,,, was
calculated and indicated as Med(o,,, ) in Table 2.

C. EXPERIMENTAL RESULTS

To validate the proposed methodology for predicting the DCM
circuit parameters of a real TIM, experimental tests were
performed using a 0.37 kW TIM rated at 1780 r/min. This
machine operates in both A and Y connections, with line
voltages of 220/380 V and line currents of 2.08/1.20 A,
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FIGURE 4. Electromagnetic torque waveforms for estimated DCM parameters, using the modified Newton and the proposed methods for: (a) M1; (b) M2;

(c) M3; (d) Ma.

respectively. The TIM’s mechanical load was provided by an
electromagnetic brake equipped with a load cell, set to deliver
a steady-state torque of 0.5 Nm. During the experiment, the
TIM was connected in a A configuration, with a manually
controlled circuit breaker, mounted on a circuit panel, directly
supplying a 220 V line voltage (grid supply). An GMT-P1
sensor was used to measure the angular shaft speed, and
its data were transmitted to a host PC via a ModBus serial
protocol configured at 9600 Bd with a Ims response time.
Line voltages and currents were measured using two voltage
probes and two high-resolution current probes connected to a
Tektronix DPO3014 oscilloscope, while stator phase voltages
and currents were obtained mathematically. Fig. 7 shows the
experimental setup used to validate the proposed methodol-
ogy.

Fig. 8 compares experimental waveforms with MATLAB
simulation results of the TIM model using DCM parameters
obtained via the proposed method. For the practical experi-
ment with a 220 V motor line voltage, different DT algorithms
were employed: XGBoost to estimate Ry, CatBoost to esti-
mate X;, R}, X), and R/, while RandomForest to estimate X,
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and X;. The resulting DCM parameters for simulation model
were: R =8.92 Q, X; =2.76 2, X,,, = 66.91 Q, X, =2.87
Q, R, =813 Q, X/ =276 Q, and R = 8.23 Q. For me-
chanical modeling, an inertia J of 0.00734 kg.m.? and viscous
friction coefficient B of 0.0058 N.m.s/rad were used. The total
shaft torque load was calculated as Tj,,q = kw? + Bw, with
k = 3.5854 x 107° and w as angular speed.

Fig. 8(a) illustrates the shaft’s angular velocity from both
experimental and simulation tests. Both tests show an accel-
eration period of approximately 0.33 s. In steady-state, the
experimental angular velocity reached 1779 RPM, while the
simulation produced 1759 RPM, an ARE of 1.12%.

Fig. 8(b) presents the RMS current for stator phase A
(with similar results for phases B and C). During start-up,
the maximum current values were 9.36 A in the experimental
and 9.33 A in the simulation, resulting in an error margin of
0.32%. In steady-state, the RMS current was approximately
1.79 A experimentally versus 1.85 A in the simulation, yield-
ing a 3.3% error. In addition, the instantaneous current values
of 1, show a strong agreement between the experimental and
simulated results, particularly in the steady-state conditions.
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Radar charts of estimated DCM circuit parameters for variations in V, and I,,, using the modified Newton method-(a) and (b)-and the

proposed method-(c) and (d).

Fig. 8(c) compares the active power (P) and the reactive
power (Q) of the TIM during its start-up phase. As expected,
both P and Q peak during the transient period. In the practical
experiment, the maximum active power reached 3.36 kW,
while the simulation produced 3.14 kW, a discrepancy of
approximately 6.5%. For reactive power, the experimental
value was 2.82 kVAr, whereas the simulation yielded only
1.34 kVAr, representing a larger difference of about 52%. Un-
der steady-state conditions, the experimental measurements
were 320 W for P and 627 VAr for Q, closely matching the
simulation values of 315W and 630 VAr, with differences of
just 1.6% and 0.5%, respectively.

Finally, Fig. 8(d) illustrates the progression of the power
factor (PF') during the start-up process. During the transient
period, the experimental PF fluctuates around 0.86, while
the simulation showed a slightly higher value around 0.92, a
6.5% difference. In the steady-state, both the experimental and
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simulated PF stabilized at approximately 0.44, demonstrating
strong concordance between the model and the experimental
observations.

D. DISCUSSION

The proposed model demonstrated increased robustness
against input parameter deviations compared to the traditional
modified Newton method, notably requiring fewer input vari-
ables (five instead of seven). For higher power TIMs, typically
with a line voltage of 440-460 V, the optimal DT algorithm
configuration involved using XGBoost for Ry, R’Z, and R/z’,
CatBoost for X;, X], and Random Forest for X, and X7’ . In
contrast, tests on a 0.37 kW TIM operating at 220 V required
a different configuration: XGBoost was used for R, CatBoost
for X1, R}, XJ', R} and Random Forest for X, and X;. This
variability in the use of algoritm types seems to indicate that
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no single DT algorithm is universally optimal for estimating
all DCM circuit parameters across different power levels.
Despite some discrepancies with parameters derived from
modified Newton method (as shown in Fig. 4), the pro-
posed method effectively identified key parameters governing
TIM dynamics. Fig. 5 further demonstrates that, unlike the
traditional method, which is highly sensitive to statistical
variations in input parameters, the proposed method effi-
ciently handles such variations. This capability is crucial for

VOLUME 6, 2025

practical TIM parameter estimation, where manufacturer

datasheets often exhibit statistical deviations and data may be
limited.
Furthermore, as can be observed in Table 2, when the pro-

posed method performed poorly compared to the modified

Newton metho, it was in relation to variations of critical in-

put parameters, such as N and 7. Although the maximum

ARE were greater for the modified Newton method for the
parameters X, and R, (N input variation) and Ry and X; (T
input variation), as can be seen from Fig. 6, the magnitude
of the errors tended to remain similar between different ma-
chines. In contrast, for the proposed method, while the errors
could be low for certain machines, they could become sig-
nificantly higher for others, indicating greater o,,,.. However,
to properly evaluate the robustness of the proposed method
in general, it is important to note that using the mean of
0,z May not be appropriate, as outliers heavily influence the
average; therefore, the median provides a more robust mea-
sure. In general, the median values of o,,. for the proposed
method, compared to the modified Newton method, as shown
in Table 2 indicates that, with the proposed method, the esti-
mated parameters tend to remain closer to the original values
even under different parametric variations and different TIMs,
which is consistent with the behavior illustrated in Fig. 5
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and indicates the robustness and stability of the proposed
approach.

Moreover, as illustrated in Fig. 8 the proposed method
effectively estimates the DCM parameters of a real TIM,
yielding excellent agreement between experimental and sim-
ulated waveforms. These findings imply that, by using basic
inputs such as nominal line current 7,, [A], nominal power P
[kW], nominal speed N [RPM], nominal voltage V,, [V], and
nominal torque 7;, [Nm], parameters commonly found on TIM
rating plates, the proposed methodology can reliably capture
the dynamics of real TIMs in computational models.

Vil. CONCLUSION

This article proposed a novel methodology for estimating
the DCM parameters of TIMs using three DT-based algo-
rithms. The proposed approach has demonstrated accuracy
and robustness in both simulations and experimental tests,
effectively capturing the dynamic behavior of TIMs. A key
contribution of this work is the development of an alternative,
more efficient estimating technique for DCM circuit param-
eters which require fewer input parameters. This method is
particularly advantageous for industrial designs and control
systems, as it simplifies data requirements and effectively

924

handles scenarios where input data exhibits statistical devi-
ations. The results demonstrate considerable practical poten-
tial, though further validation across a wider range of TIM
ratings is advised. Future research will focus on applying
this methodology to machines with varying ratings, further
enhancing its applicability and robustness.
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