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Abstract: This article proposes an improved algorithm for the parameter identification of
permanent magnet synchronous motors (PMSMs). An enhanced raccoon optimization algo-
rithm (EROA) was formed by combining the raccoon optimization algorithm (ROA) with
the adaptive exploration radius, raccoon-washing-food-inspired, and escaping-predator
strategies. First, using some of the functions in IEEE CEC2015, the EROA solution has
a large improvement in convergence speed and solution accuracy compared with other
algorithms. Second, the EROA solution is more stable under the same conditions, as demon-
strated by MATLAB parameter identification simulation. Finally, EROA is applied to motor
parameter identification through motor control experiments.

Keywords: PMSM; parameter identification; ROA improvement

1. Introduction

Permanent magnet synchronous motors (PMSMs) are widely used in industry due
to their high efficiency and small size [1-3]. However, realizing the high-performance
control for PMSMs requires accurate motor parameters. For example, model predictive
control [4,5] and speed sensorless control [6,7] require accurate motor parameters as a
basis. The PMSM parameter identification is categorized into online identification [8-10]
and offline identification [11-13]. Online identification is performed when the motor is
integrated into the control system. This method relies on the real-time response of the
motor’s input and output, combining the motor control model with the identification
algorithm to estimate key parameters. Online identification is often coupled with motor
control techniques [14,15] to continuously update the motor parameters. In contrast, offline
identification is typically performed when the motor is disconnected from the operating
system. This method uses feedback data to estimate the motor’s electrical and mechanical
parameters by applying a predetermined signal to the motor. Offline identification is
commonly used to initialize parameters before motor startup [16], and it is widely applied
in industry.

The main online identification methods are recursive least squares (RLS), model ref-
erence adaptive (MRAS), extended Kalman filtering, and high-frequency signal injection.
RLS has good mathematical-statistical properties and a wide range of adaptability. In arti-
cle [17], inductance, flux linkage, and resistance parameters are recognized by a recursive
total least-square excitatory and inhibitory learning to update the model parameters of
the velocity-free sensor. Reference [18] addresses the rank-deficiency problem in motor
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parameter identification using the current derivative method in combination with RLS to
obtain parameter results. However, RLS requires careful consideration of the convergence
speed and solution accuracy of the algorithm. In [19], inductance, resistance, and flux
linkages are identified using MRAS. Ref. [20] improves the tracking accuracy of induc-
tance parameters and enhances the precision of speed sensorless control by combining the
improved Virtual Rotating Axis High-Frequency Injection (VHFSI) method with MRAS.
However, the adaptive rate design process of MRAS is more complex.

In [21], system states and two key motor parameters are estimated using a dual
extended Kalman filter. However, this method operates the motor under steady-state
conditions, and there is a rank-deficiency issue in the parameter identification process,
making it difficult to identify all electrical parameters, particularly for Interior PMSMs
(IPMSMs). In [22], motor parameters are obtained by injecting high-frequency sinusoidal
voltages into the stationary coordinate system (af-axis) to update the model parameters
in the position observer. However, high-frequency signals can interfere with motor con-
trol, and motor feedback signals are prone to distortion. Reference [23] proposes using
a triangle wave injection method to address the rank-deficiency problem in parameter
identification, employing RLS to extract multiple motor parameters after receiving the
motor feedback signal.

Offline identification methods include finite element analysis (FEA) [24], signal in-
jection [25], and artificial intelligence algorithms [26]. FEA can provide high-precision
parameters that accurately reflect the nonlinear characteristics of the motor, but FEA is
commonly used in the pre-design stage of the motor. In article [27], the effectiveness of a pa-
rameter identification scheme is verified by FEA. However, finite element analysis requires
a powerful computing system and is often used when designing engines. In article [16],
the amplitude-auto-adjusting signal injection (ASI) method is proposed to recognize the
inductance and stator resistance in different states offline. Selecting an appropriate signal
injection method is crucial for motor parameter identification, as it helps decouple the
parameters in the identification model and compensates for rank deficiencies in the identi-
fication process. In this study, the issue of rank deficiency in the identification equation is
addressed by injecting different currents into the d-axis. Intelligent algorithms have rapidly
developed, and many types of intelligent algorithms have emerged [28]. Depending on the
source of inspiration, they can be categorized as swarm-based, evolution-based, physics-
based, game-rule-based, and human-social-relationship-based [29]. Artificial intelligence
algorithms have outstanding abilities to solve high-dimensional functions, and scholars
have applied them to the solution of motor parameters [30]. Commonly, an improved parti-
cle swarm algorithm (PSO) performs parameter identification. In article [31], a modified
PSO is used to solve the motor parameter identification objective function. In article [32],
the particle motion states are improved to form an interactive and dynamically learned
PSO to solve for motor parameters.

In recent years, the number of swarm intelligence algorithms has steadily increased,
expanding the range of methods available for parameter identification. Ref. [33] employs
PSO to identify key motor parameters, enhancing the effectiveness of model predictive con-
trol. Ref. [34] uses PSO to optimize the peak cogging torque and no-load back electromotive
force (EMF) amplitude, thereby improving motor control performance. Ref. [35] introduces
the improved CGCRAO algorithm to enhance parameter identification accuracy, offering
new insights in the field. Reference [36] takes into account the negative effects of the drive
circuit, such as the dead time of the switching devices, the time delay of the low-pass filter,
and angle deviation, to improve the accuracy of parameter identification results.

ROA [37] has a better solution at lower population sizes. In article [38], ROA reduces
the scheduling time compared to other algorithms. In article [39], an algorithm based on
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ROA is implemented for precise localization to improve the accuracy of range measure-
ments. In article [40], ROA is used to significantly improve job scheduling. By improving
ROA, motor parameters can be more accurately identified, yielding new insights. To ensure
the algorithm meets the requirements of parameter identification, this paper introduces
three improvements aimed at enhancing the accuracy and stability of the process.

In this article, the signal injection method combined with intelligent algorithms is
used for PMSM parameter identification. Since the direct application of ROA does not
solve the problem effectively, this article improves ROA using the adaptive exploration
radius, raccoon-washing-food-inspired, and escaping-predator strategies. To validate
the effectiveness of EROA, the more classical algorithms ROA, PSO [41], E_ZWOA [42],
and GA [43] were selected for comparison using some of the IEEE CEC 2015 test sets.
When compared with recent algorithms such as the Snow ablation optimizer [44] and the
Walrus Optimization Algorithm [29], the newly proposed EROA reaches an advanced
level of performance. EROA has a large advantage in convergence speed and solution
accuracy. Parameter identification objective functions are established in simulation and
motor experiments for comparison. EROA can find the motor parameters more quickly.

2. Parameter Identification of PMSM

The parameter identification method in this article is based on the voltage equations
in the steady state of the PMSM. To facilitate the analysis, the motor voltage Equation (1),
which ignores the effect of core saturation and losses of PMSM, is considered in the dg
rotating coordinate system.
Ug = Rsid+Ld%fI 7ngql'q (1)
Ug = Rsiq + Lq% 4+ weLgig + 47wa

where 1, and u, are the dg-axis voltages; i; and i, are the dg-axis currents; w, are the
electromechanical angular velocities; Rs is the stator resistance; L; and L, are the dg-axis
inductances; and ¢y is the permanent flux linkage. Through PMSM vector control, the
motor steadily operates at a certain speed. At this point, the dg-axis currents of the PMSM
remain stable in a very small range. It may be assumed that di;/dt = di;/dt = 0. From
Equation (1), we obtain Equation (2).

{ Ug = Rsid — weLqiq (2)

ug = Rsig + welLgig + YPrw,

Injecting different currents into the d-axis increases the number of equations. The
system of full-rank voltage equations is shown in (3), which can be used as a reference
model for the motor.

Ugy = —weoLqigo
Ugo = Rsigo + YPrweo 3)
ug = Rsigy — we1Lgig
ug = Rsigt + we1Lgig + Prwer
where i; = 0 A defines the formula subscript as 0, and iy = —1 A defines the formula

subscript as 1. The adjustable model (4) is formed using the PMSM run data and the
reference model.

o = _wethqu

g0 = Rsiqo + l/AJf(UEO

g = Rsidl - weltqiql

ip = Rsiql + We1 i'didl + li]fwel

(4)
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Using the sum of squares of the differences between the reference and adjustable
models, we obtain (5) as a fitness function for parameter identification.

(g0 (k) — a0 (k)]

= [uqO(k) - ﬁqO(k)]z
sléq = [ug (k) — g (k)]?

s La,Pp) = [ugi (k) — gy ()]

(5)

When suitable motor parameters are encountered such that the sum of the four func-
tions is 0, the PMSM parameters in (6) are found.

4
Fun(p) = Y_ fi(p), p = [Rs, La, Lg, y] (6)

i=1

Fun(p) is the fitness of the parameter vector p. In this paper, this function is solved
by improving the raccoon optimization algorithm, and the final parameter vector p can be
obtained when the function converges to a certain range.

3. Enhanced ROA
3.1. Characteristics of ROA

ROA is mainly characterized by generating two sets of scenarios, Ry,so and Vi, in
two ranges around the initial location /ocp, namely the reachable zone radius (RZR) and
the visible zone radius (VZR). We compare the fitness values of Ryst0, Vpesto, and locy to
obtain their best solution (7).

Fun(locy) = min[Fun(locg), Fun(Rpest ), Fun(Vyes )] (7)

By comparing the fitness value of the new generation locy with Gopt, the algorithm
determines whether to update the globally optimal solution G,pt. If no good solution
is selected around locp, we infer that loc; = locp, which represents no movement in the
raccoon location and requires a cumulative migration factor (MF). When MF reaches a
certain number of times, the loc; position is forced to update. If a certain number of times
is not reached, we generate a different population. We perform the iteration NI times and
finally output Gopt. To quickly find the optimal solution, it is necessary to rationalize the
migration scheme and the new position after the migration.

To improve the algorithm’s accuracy, ROA is improved using the adaptive exploration
radius, raccoon-washing-food-inspired, and escaping-predator strategies to form EROA.
Figure 1 shows the overall flow of EROA. In Figure 1, i is the current number of iterations;
nt is the current number of times loc; = locy; Locy is the raccoon natural community; and
Flocg, Flocy, FRy,st, and FVy,; are the values of locy, locy, Ryest, and Vi, for the fitness
values, respectively.
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Figure 1. EROA main loop.

3.2. Adaptive Exploration Radius Strategy

The algorithm uses the adaptive exploration radius strategy to facilitate the solution,
as the initial exploration radius is a human-set initial value, but each dimension is almost
unpredictable for the problem that requires solving. To improve the convergence accuracy
of the algorithm, one approach is to slowly converge the exploration radius during the
iteration of the algorithm. The second approach is to explore different positions so that the
algorithm can be automatically adjusted to the appropriate exploration radius.

The strategy to decrease the exploration radius with the number of iterations is ex-
pressed as (8).

RZR = (Xpax — Xmin) Xk if(i < Ny)

. . . (8)
RZR = (Xmax — Xinin) X k=i if(i > N;)

where X,,,;;, and X4 constitute the exploration range, and k controls the range of RZR
initial values. To adapt the radius of exploration so that the algorithm can automatically
learn, we define (9) as follows:

R; = Gopt — Loc(round(Nop), 1) 9)
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where Locy is the raccoon community, Nop is the set population density, R, is the adaptive
radius updated with iterations, and round is defined to generate random positive integers.
To ensure that R, has self-learning properties, we set (10).

FLocy = Fun(Gopt + rand x Ry) (10)

where FLoc, is the evaluated value of another raccoon that arrives at the new location
under the influence of Gopt, and rand denotes a 0-1 uniform distribution. The adaptive
updating of RZR is performed during the iteration of the algorithm, as shown in (11).

RZR = Ry, if (Floc, < FGopt) (11)

If Gopt is updated, the adaptive radii RZR and VZR are updated with Gypt. The
adaptive exploration radius strategy allows the algorithms to exchange optimal target infor-
mation during the optimization process, improving the accuracy of the algorithm solution.

3.3. Raccoon-Washing-Food-Inspired Strategy

The raccoons must find a nearby water source to wash their food. From this per-
spective, the behavior of raccoons searching for wetlands after capturing food is modeled.
Assume that the current optimal raccoon is the earliest to find food and arrive at the water
source to wash the food, and the other raccoons come relatively late. At this point, the
cluster of raccoons by the water edge can be represented as a partial cluster near the optimal
raccoon, which produces a better solution by combining the optimal raccoon with the later
ones in conjunction with one another. A mathematical model of the process in which the
optimal raccoon and other raccoons head out to a nearby water source is established as
follows. The small cluster gRZR (12) represents the concentration of raccoons near a given

water source. -~ _
gRZP,

gRZP = | gRZP; (12)

| SRZ Py, |

mx1

where the new location of each raccoon is updated according to (13).
§RZP; = Gopt + (rand — 0.5) x (Gopt — Loc(s, :)) (13)

Loc(s,:) is the location of another raccoon with the same objective. The smallest
FgRZP,,i, (14) is selected in gRZR (12).

FgRZPy,;,, = min(Fun(gRZP;)) (14)

The fitness of gRZP,,;,, relative to Gop; determines whether G,y is updated, as shown
in Equation (15).

Gopt = §RZP iy, if (Fun(gRZPin)) < FGopt) (15)

This produces better results and improves the algorithm solution accuracy. Using the
raccoon-washing-food-inspired strategy, a new generation of raccoons can be provided with
a new advantageous position, guiding the algorithm to quickly pursue the optimal goal.
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3.4. Escaping-Predator Strategy

A raccoon ducking under attack often creates new possibilities. The raccoon escape
strategy is modeled by assuming that a raccoon looks for a direction to quickly escape
after being attacked. During this behavior, the ability of the raccoon to arrive at a new
safe location implies that the algorithm finds a new target. Failure to do so means that
the raccoon fails to escape, and a better target is not found. Mri is the new location of the
raccoon after it has escaped, and its update process can be tabulated as shown in (16).

Mri = Locy(xi,:) + (MXmin + (rand 4+ 0.5) x (MXmax — MXmin))

i 16
MXmax = Xmex | MXmin = @ (16)

MXin and M X,y are the current minimum and maximum ranges of escape of the
raccoon, which continuously change as the algorithm iterates; xi is a random integer, and
0 < xi < Nop. The resulting superior solution is used to update the raccoon colony (17).

Locy(xi,:) = Mri . ) .
, if (Fun(Mri) < Fun(L = 17
{ FLocy; = Fun(Mri) if (Fun(Mri) < Fun(Loco(xi,:))) (17)
which can be compared with Gt (18).
Gopt = Mri , .
{ FGopt = FMTl(MT’i) lf( Lli’l( 1’1) < opt) ( )

Here, the algorithm can greatly jump out of the local optimum and find better results.
Under certain conditions, the escaping-predator strategy offers an effective solution for
the raccoon’s new location, aiding in the optimization of the algorithm and potentially
improving its solution speed.

In summary, this article employs the adaptive exploration radius, raccoon-washing-
food-inspired, and predator-escape strategies to enhance ROA, resulting in the generation
of EROA.

4. Simulation and Experimental Methods
4.1. Algorithm Testing

To validate the EROA effectiveness, the algorithm was tested through some of the
IEEE CEC 2015 function test sets. Five algorithms were set to identical conditions with
a total population size of 100 and 1000 iterations: ROA, PSO, E_WOA, GA, and EROA.
To approach the dimensionality of the problem of parameter identification, we tested the
algorithms by selecting their medium fixed-dimensional multi-peaked test functions F; — Fo.
Equations (19)-(27) can be used to express the objective function of the test functions F; — Fo.

-1

1 25 1
R(X) = | g5+ Y — -| [—65.53, 65.53] (19)
]:1]+ Y (% aq)
i=1
2
11 (b2 + b
EX) =Y |a- M , [-5,5]* (20)
= by +bixz + x4

1
F3(X) = 4¢3 —2.1x} + §x$ + x12 — 43 + x4, [-5,5)° (1)
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1 2 1
Fi(X) = <x2 45 ol + 5, —6) +10<1 — 87T)cosx1 +10, [-5,10] x [0,15]  (22)

F5(X) = [1+ (x1 +x2 + 1)3(19 — 14x1 + 3x3 — 14x; + 6x1 %2 + 3x3)]

X [30 4 (22 — 3x2)2(18 — 32x7 + 1243 + 48x; + 36x1x2 + 27x3)], [~2,2)* (23)
2 o e_lea”( ad 0,13 24)

Z e B e 5)

Fs(X) = i (X = a)(X = a)" +c/] - o108 (26)

Fo(X) = —i[(X—ai)(X—ai)T+ci] - 0,10 27)

Table 1 shows the values of the fixed-dimensional multi-peak test functions F; — Fy.

Table 1. IEEE CEC2015 F; — Fy test function set.

Function Dimensionality Minimum Value
F 2 0.998
F 4 0.0003075
F 2 —1.0316285
Fy 2 0.398
F 2 3
Fs 3 —3.86
F; 6 —-3.32
Fg 4 —10.153
Fy 4 —10.403

Figure 2 shows the effect of the test function algorithm iteration. Figure 2 compares the
performance of five algorithms—EROA, ROA, PSO, GA, and E_WOA—during the solution
process. As shown in Table 1, the dimensions of the 9 IEEE CEC 2015 test set functions
represent varying levels of problem difficulty. The dimensions of these functions are similar
to those used in the parameter identification process in this study. By comparing these test
set functions, the most suitable algorithm for parameter identification can be optimized.

Equations (19)—(23) represent complex solution functions with 2 or 4 dimensions. The
algorithm performance comparison for these functions is shown as F; — Fs in Figure 2.
Among the algorithms, GA and ROA show poor optimization performance, while EROA,
PSO, and E_WOA exhibit better overall performance and faster convergence.

For the solution process of Equations (24) and (25), represented by Fs — F; in Figure 2,
the presence of multiple extreme points in the function makes it easy for the algorithm to
fall into local optima. ROA and GA are more susceptible to this issue and fail to reach the
optimal value. In contrast, EROA, PSO, and E_WOA perform well by escaping the local
optimum and successfully optimizing toward the global optimum.
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Figure 2. Test results comparing EROA with other typical algorithms after 1000 iterations.

The objective functions (26) and (27) are more prone to falling into local optima
than function (27). The optimization process for these functions is shown in Fg — Fy in
Figure 2. ROA, GA, PSO, and E_WOA are differently affected by this issue, with EROA
demonstrating a clear advantage in escaping the local optimum.

Overall, EROA could quickly find the optimal value during the solution process.
Compared with ROA, EROA has a large improvement in solving speed and accuracy.
Compared with algorithms such as E_ZWOA, EROA is leading in F; — Fy. Ten independent
experiments were conducted for each algorithm, and the average results are shown in
Table 2. As shown in Table 2, there is a significant improvement in EROA compared to
ROA.In F, B3, Fy, F5, Fs, and F;, EROA, PSO, and E_WOA have identical effects. In I, and
Fg, the value sought by EROA is minimized. In Fy, EROA and PSO have similar effects.
Overall, EROA excels compared to other algorithms.
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Table 2. Comparison of EROA with other typical algorithms based on the average value over

10 iterations.

Function EROA ROA PSO E_WOA GA
F 9.98 x 101 1.12 x 10" 998 x 101 9.98 x 101 1.14
b 491 x 1074 529 x 1073 6.33 x 1074 5.01 x 1074 1.06 x 102
2 ~1.03 —9.62 x 107! -1.03 -1.03 —1.01
E 398 x 1071 442 x 1071 398 x 101 398 x 101 6.61 x 10*!
Es 3.00 1.20 x 10*! 3.00 3.00 3.00
F, —3.86 —3.33 —3.86 —3.86 —3.46
E —3.29 -1.77 —3.27 —3.30 —2.03
F —9.65 —5.25 —8.13 —8.62 —1.67
F —9.87 —7.07 —9.87 —7.75 —1.65

4.2. Simulation Analysis

The PMSM vector control simulation model was built in MATLAB. The motor in
this experiment was a surface-mounted PMSM. In the process of identifying the motor
parameters, let Ly = L; = Ls. Table 3 shows the PMSM parameters.

Table 3. PMSM data sheet.

Parameters Value Parameters Value
Rs () 2.35 Rated Current (A) 2.7
Ls (H) 0.0265 Rated Torque (N-m) 1.27

¢r (Wb) 0.0101 Rated Speed (rpm) 3000
Pole Pairs 4 Rated Power (W) 400

We set the simulation parameters as follows: DC bus voltage, 150 V; motor angular

velocity speed, 40 Hz; and 0.5 s to join the load. Throughout the control process, a current

with i;= 0 A and i;= —1 A was injected into the d-axis. The two different currents can be

separated by 0.1 s to make it easier for the parameter identification algorithm to process

the motor operating data. During motor operation, data such as iy, iy, 1y, 44, and w, were

saved to the MATLAB workspace. To test the algorithms, the algorithm population size

was set to 20, and the number of iterations was set to 200. Seventy data sets were selected

for parameter identification. Table 4 shows the average values of the solution effectiveness

of several algorithms, including EROA.

Table 4. Seven algorithms for solving statistical tables.

Algorithm R; () Ls (H) t[Jf (WD)
Real Value 2.35 0.0265 0.0101
EROA 2.3506 0.0264 0.0100
EROA error (%) 0.0256 0.5472 0.9527
ROA 2.3753 0.0176 0.0037
ROA error (%) 1.0750 33.5062 63.0814
PSO 2.3506 0.0263 0.0100
PSO error (%) 0.0269 0.6137 1.0772
E_WOA 2.3555 0.0248 0.0102
E_WOA error (%) 0.2323 6.3166 0.6497
GA 1.9989 0.2082 0.1258

GA error (%) 14.9384 685.7044 1145.9741

WaOA 2.3506 0.0264 0.0100
WaOA error (%) 0.0256 0.5472 0.9526
SAO 2.3506 0.0264 0.0100

SAQ error (%) 0.0256 0.5472 0.9526
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From Table 4, EROA had the highest solution accuracy with three parameters within
1% error. ROA had large errors in Ls and [ which could not be satisfied. PSO had a
similar solving accuracy to EROA. The L; error of the E_WOA solution was large, which
shows that the EROA solution is more stable than the E_WOA solution under identical
conditions. At the end of Table 4, two relatively advanced algorithms, WaOA and SAO,
are introduced for comparison with the performance of EROA. Under the same conditions,
EROA demonstrates comparable solution capabilities to these advanced algorithms, indi-
cating that the optimization approach presented in this paper significantly enhances the
performance of the original algorithm.

4.3. Experimentation

Over time, various energy losses within the motor accumulate as heat. Changes in
motor temperature lead to nonlinear variations in resistance parameters, which, in turn,
affect the conduction current. As an inductive element, the magnitude of the motor stator
winding inductance can cause saturation of the winding coil’s magnetic field, leading to
changes in inductance. Decoupling control is central to FOC (Field-Oriented Control), and
variations in electrical parameters can disrupt this control. This disruption may prevent
the accurate regulation of the torque and excitation components, thereby affecting FOC
performance. In addition, the demagnetization of the permanent magnets due to high
temperatures can cause permanent damage to the motor control. Therefore, parameter
identification plays a critical role in motor control.

In order to fully verify the use of EROA to solve PMSM parameter identification,
application tests of the algorithm were conducted on the actual motor control platform.
The motor control platform was the TMDSHVMTRPFECKIT from Texas Instruments (TT).
Figure 3 shows the physical motor control platform.

= ! Oscilloscope
| TMDSHVMTRPFCKIT | F

RO LT
B |

&

Figure 3. TMDSHVMTRPFCKIT experimental bench.

The experimental platform was a PMSM control system with TMS320F28335 as the
core. The PMSM model number was EM]-04APB22, and Table 3 shows the main parameters.
Motor motion state control was performed using Code Composer Studio (CCS). The inverter
DC bus voltage was set to 150 V, and an Interrupt Service Routine frequency of 10 kHz was
defined. A segment of motor operating data, including the dg-axis voltage, current, and we,
was saved while the motor was stabilized. Due to the tight storage resources inside the chip,
70 sets of motor operation data were saved for this experiment. The operating data in the
control chip were uploaded to the host computer through CCS, and the motor recognition
function was implemented in MATLAB. Figure 4 shows the motor parameter identification
process, a common method for PMSM parameter identification. The motor control platform
uses vector control to operate the PMSM. During motor operation, a current is applied
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to the d-axis, with id set to either 0 A or —1 A. The d-axis current change interval can be
referenced through simulation. Memory resources on the motor control chip are used to
store the operational data required for parameter identification. Data such as ug4, ug, iy, 14,
and w, are then uploaded via the communication interface between the control board
and the computer, enabling MATLAB to process the data. By running EROA to solve the
parameter identification fitness function, the motor’s electrical parameters can be obtained.

|_ ____________________________________________ a
control TMDSHVMTRPECKIT @ MATLAB !
command :
R
CCS | FOC-system | | Identification in MATLAB

v

| ii=0Aori=-1A |

Filtering and

| Control system |

|
!
!
|
EROA 1
(!
!
(!
!

|
|
|
|

preservation :
|
I Obtain: R, Ls,y
|

Ua,Uq,1d,1q,0

Figure 4. Experimental process.

In this process, a set of experimental data was selected to compare the effects of
EROA, ROA, PSO, GA, and E_WOA. The algorithm parameters were set to populate
20 and 300 iterations. Figure 5 shows the performance of the five intelligent algorithms.

5 0.14 0.04
o
45 —
7 0.12 0.035 PSO
4 GA
T ‘ 0.03 EWOA
350 oty |7~ ~ActualValuey 7| | |- Actual Value
/
3l ‘ 0.025
~ ‘ \ —~ 0.08 —
Sospl | L ) \ )
& ' =~ 0.06 <
2y ‘ ‘ i > 0015
1.5 0.04 |
: H | | 0.01 == fommmas e
H I s = S = ‘
0.02
05 J 0.005 |
0 i’ : : : 0 , : : : : oL : : : .
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300

t t

Figure 5. Comparison diagram of the algorithm iteration process.

When EROA was used to determine the motor parameters, the convergence speed
was faster, and the results were more accurate and more stable compared to the other
four algorithms. PSO had similar solution accuracy to EROA, but EROA converged more
quickly and stabilized at approximately 150 iterations. This algorithm maintained a high
accuracy with few iterations and obtained a more optimal solution. This result is consistent
with the simulation results. Figure 6 shows the parameter identification results for the
70 sets of data.

The EROA identification had a more stable effect than the identification of the other
algorithms. Table 5 shows the statistical analysis results of the 70 sets of data. As shown in
Table 5, this article’s improved raccoon algorithm EROA was used to recognize the motor
parameters with average errors of 1% for Rs and ¢y and 1.6% for Ls.
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Figure 6. Results of 70 sets of data identification in MATLAB.

Table 5. Statistical results of the MATLAB identification of 70 sets of data.

EROA Rs () Ls (H) s (Wb)
Actual value 2.35 0.0265 0.0101
Maximum 2.4105 0.0270 0.0107
Minimum 2.2752 0.0268 0.0094
Average 2.3425 0.0269 0.0100
Average error/% 0.3193 1.5064 0.6948

In this article, EROA was applied to the motor control system to identify the motor
parameters on the motor control platform TMDSHVMTRPFCKIT. Figure 7 shows the
parameter identification process. Compared to Figure 4, the key difference in Figure 7 is
that the parameter identification process no longer requires computer involvement. This
represents a significant innovation of this study, where EROA is applied directly to the
motor control chip. The motor control platform is run to collect operational data under
ig= 0 A and iy;= —1 A. These data are processed directly within the motor control chip.
Following the parameter identification principles outlined in Section 2, the motor operation
data are used to construct a parameter identification fitness function. Finally, EROA is run
on the motor control chip to obtain the motor’s electrical parameters.

preservation | Run EROA |

v ¥ v
| Control system | Obtain : R;, L,y ¢

a1
control |
command TMDSHVMTRPFCKIT Save the data :

cs [ FOC-system | (=04 =-1A) i

3 separately |

v |

| i=0Aori =-1A | Filtering and :
[

[

|

[

Figure 7. Parameter identification process on a motor control platform.

We controlled the motor motion state and saved a portion of the motor operation data.
The EROA solving algorithm was applied in the motor control chip to solve the motor
parameters. To ensure the accuracy of the EROA solution, the population was set at 20, and
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the number of iterations was set at 400. The obtained motor parameters were imported into
the computer for review, and Figure 8 shows the results.

3l ' ' ' Estimated Value
c | Actual Value
E 2.5 R, 7
2 L ‘ ) ) ) ) ) .
10 20 30 40 50 60 70
_ 01 ‘ ' ' ' Estimated Value
0 Actual Value
< 0.05 :
10 20 30 40 50 60 70
~ 0.03 ‘ ' ' ' Estimated Value
0020 |z Actual Value
s oo

Figure 8. EROA Recognition Results in the Experimental Platform Chip.

The data therein were analyzed, and Table 6 shows the results. The parameter identifi-
cation in the motor control system was performed using EROA. The error of the required
parameters was within 2%. In summary, this method can be used to monitor changes in
motor parameters. EROA can be used to solve the fitness function and determine the motor
parameters at regular intervals.

Table 6. Statistical analysis of the EROA identification results in the experimental platform.

EROA Rs () Ls (H) P (Wb)
Actual value 2.35 0.0265 0.0101
Maximum 2.3986 0.0271 0.0114
Minimum 2.1886 0.0268 0.0095
Average 2.3136 0.0269 0.0103
Average error/% 1.5480 1.6241 1.7775

5. Conclusions

In this article, Rs, Ls, and ¢ 7 of PMSMs were identified based on an enhanced raccoon
optimization algorithm. ROA was improved using the adaptive exploration radius, raccoon-
washing-food-inspired, and escaping-predator strategies to form EROA with better solution
efficiency. The simulation results show that EROA can achieve faster converge speed and
higher robustness than ROA. From the experimental results, EROA can quickly find the
motor parameters, which are consistent with the simulation results, and the error of the
identification results does not exceed 2%.

In conclusion, this study offers significant implications for the field of motor control.
The flexibility of intelligent algorithms has expanded the application scope of parameter
identification techniques. In future work, the research will focus on reducing the computa-
tional complexity of intelligent algorithms, enhancing the speed and accuracy of parameter
identification, and expanding its applications to various contexts.
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