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ABSTRACT: A permanent magnet synchronous motor (PMSM) parameter identification method based on adaptive mean position beetle
particle swarm optimization (AMBPSO) is proposed, incorporating the distortion voltage induced by the nonlinearity of the voltage source
inverter (VSI) into the parameter set to be identified. An adaptive inertia weighting strategy is designed to improve PMSM parameter
identification accuracy and reduce computational time. In addition, the Cauchy mutation average optimal-position strategy is introduced
to solve the problem of convergence of the algorithm to a suboptimal solution. Meanwhile, the beetle antenna search (BAS) algorithm is
integrated with the improved particle swarm optimization (PSO) strategy, which effectively enhances the particle’s dynamic perception
of the environment space during the iterative process. The proposed AMBPSO strategy enables each particle to update its speed based
on its individual historical optimum, population global optimum, and the beetle tentacle gradient search ability in the iterative process,
realizing adaptive exploration of the solution space. Simulated and experimental results demonstrate that, in comparison to traditional
PSO, the identification results after distortion voltage compensation are more accurate, and the proposed method significantly enhances
identification precision and accelerates convergence speed.

1. INTRODUCTION

Recently, permanent magnet synchronous motors (PMSMs)
have been widely used in industrial robots, servo drive sys-

tems, high-speed railways, and new energy power generation
owing to their high efficiency, high power density, and good
dynamic performance [1, 2]. To ensure a proper operation of the
PMSM system, accurate electrical parameters are critical for
condition monitoring, fault detection, and control system de-
sign [3]. Because PMSM is a strongly coupled, nonlinear, time-
varying system, its parameters are affected by environmental
conditions (such as temperature and load), which makes it dif-
ficult to accurately estimate these parameters [4, 5]. For ex-
ample, when temperature increases, the winding resistance in-
creases, which in turn affects the current conduction and torque
generation [6]. Changes in the d-q axis inductance can cause
torque ripples that affect the smoothness of motor operation [7].
The demagnetization phenomenonmay lead to a decrease in the
magnetic flux of the permanent magnet, which will reduce the
amplitude of the fundamental back EMF, thereby affecting the
speed control and output power of the motor [8]. Therefore,
the accurate knowledge of electrical parameters is essential for
improving the control performance of the PMSM drive system.
Methods for PMSM parameter identification mainly include

offline estimation [9] and online estimation [10]. The offline
identification technique only performs the initial parameter
identification before motor operation, which cannot realize the
immediate identification of PMSM parameters, so it is difficult
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to effectively solve the problem that the control effect decreases
due to parameter changes [11]. Online identification technol-
ogy is able to estimate the motor’s operating parameters in real
time according to the operating conditions, thus improving the
accuracy and effectiveness of control; therefore, online identi-
fication has attracted increasing attention. At present, common
online identification methods include Extended Kalman Filter
(EKF) [12, 13], recursive least squares (RLS) [14], Model Ref-
erence Adaptive System (MRAS) [15, 16], Genetic Algorithm
(GA) [17, 18], etc. In [13], by taking the nonlinearity of the
voltage source inverter (VSI) as the system state, two online
identification schemes of PMSM based on EKF are proposed.
However, due to the algorithm’s sensitivity to noise, its appli-
cation is hindered, which requires a large amount of matrix and
vector operations, and the process is more intricate. In [14], the
RLS method is used to simultaneously estimate the stator resis-
tance, d-q axis inductance, and flux of the motor. Two motor
parameters are recognized for each voltage function in the α-
β coordinate system. The experimental results show that the
method has the advantages of fast convergence and high accu-
racy. In [15], MRAS is used to estimate the speed and rotor po-
sition of the motor, and a neural network is used to identify the
motor parameters online. However, MRAS has a strong depen-
dence on motor parameters, which vary with the environment,
operating state, etc. In [17], an improved operator-based ge-
netic algorithm for PMSMparameter identification is proposed.
Experimental results show that the proposed method achieves
global optimization, which can further enhance the algorithm’s
convergence speed and identification accuracy. However, due
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to the complexity of the fitness function, the computation time
is significantly increased.
The particle swarm algorithm (PSO) has been widely ap-

plied to the parameter identification of PMSMs owing to its
simple principle, fast computational speed, and parallel opti-
mization in the solution space. A nonlinear decreasing strategy
was designed to optimize the PSO inertia weights in [19], and
the results showed that PSO discrimination performance was
improved, but still could not jump out of the suboptimal solu-
tion. Fuzzy particle swarm algorithms in [20] are used to ex-
pand the range of influence of individual particles so that the
optimization-seeking speed of the particles is affected by mul-
tiple surrounding particles, effectively avoiding the population
plunging into sub-optimal solutions. To ensure the diversity
of the algorithm, the dynamic sample learning strategy, non-
linear multi-scale cross-learning operator, and dynamic opposi-
tion learning strategy were improved in [21], which accelerated
the convergence efficiency and improved the identification ac-
curacy. However, the algorithm improvement is too complex,
and its practical application range is limited. In [22], the VSI
dead time affects its identification accuracy, and a shrinkage
factor anti-predator particle swarm algorithm is proposed based
on time error compensation. The results show that the method
improves identification accuracy but is prone to premature ma-
turity.
The beetle antennae search (BAS) algorithm is an intelligent

optimization algorithm proposed by Jiang and Li [23]. It dif-
fers from other bionic class algorithms in that it is a monolithic
search algorithm, which has the strengths of a simple concept
and few factors. In [24], a modified BAS algorithmwas applied
to optimize a fuzzy proportional integral derivative controller,
and a new control model of a PMSM drive electric steering
gear was established, which enhanced the servo control per-
formance of the PMSM. Because the BAS algorithm has good
global search capability, it can complement the strengths and
weaknesses when combined with other intelligent algorithms.
In [25], the BAS was integrated with the grey wolf algorithm
(GWO), which prevents the GWO from falling into local op-
tima during later iterations and effectively improves positioning
accuracy and stability inwireless sensor networks. In [26], PSO
and BAS were combined to give full play to their advantages,
which effectively improved the global optimal escape ability,
convergence accuracy, and stability of each dimension. Evi-
dently, the hybrid algorithm strategy is conducive to achiev-
ing a better balance between convergence speed and accuracy,
thereby improving the overall optimization of the algorithm.
In this study, based on the consideration of VSI nonlinearity,

adaptive inertia weights and Cauchy mutation average optimal
position were used to improve the identification precision and
convergence speed of PSO. A BAS for judging its own envi-
ronment is added so that the particle introduces its judgment of
the environment in the iterative process. That is, the PMSM’s
parameter identification is based on the adaptive mean posi-
tion beetle particle swarm algorithm (AMBPSO) considering
VSI nonlinear factors. The simulation and experimental re-
sults show that the identification accuracy of motor parameters
is improved by approximately 1.4% after considering the in-

verter distortion voltage. After the algorithm improvement, the
AMBPSO strategy proposed in this study saved approximately
0.12 s of recognition time and reduced the maximum error by
5.7%.

2. PMSM MATHEMATICAL MODEL
For simplicity and to focus on the influence of VSI nonlinearity
on PMSM parameter identification, a simplified PMSM volt-
age model is adopted in this paper. Several physical factors,
including magnetic saturation, spatial harmonics, eddy-current
loss, and hysteresis-induced iron loss, are not explicitly consid-
ered. For the tested surface-mounted permanent magnet syn-
chronous motor (SPMSM), this simplification is reasonable be-
cause the parameter identification experiments are conducted
under relatively stable operating conditions and without deep
flux-weakening operation. Considering VSI nonlinear factors,
the mathematical model of the motor in the d-q coordinate sys-
tem is expressed as

u∗d +DdVdead = Rsid + Ld
did
dt

− ωeLqiq

u∗q +DqVdead = Rsiq + Lq
diq
dt

+ ωeLdid + ωeψf

(1)

where u∗d and u∗q are the output voltages of the current con-
troller; id and iq are the d-q axis currents; Ld andLq are the d-q
axis inductances; Rs, Ld, Lq , and ψf are the stator resistance,
direct and quadrature axis inductances, and permanent magnet
flux, respectively; ωe is the rotor electrical angular velocity;
Dd and Dq are periodic functions of rotor position, which are
expressed as[
Dd

Dq

]
= 2

[
cos(θ) cos(θ − 2π

3 ) cos(θ + 2π
3 )

− sin(θ) − sin(θ − 2π
3 ) sin(θ − π

3 )

]

×

 sign(ias)
sign(ibs)
sign(ics)

 (2)

In Eq. (2), ias, ibs, and ics are the three-phase current of stator
ABC, and

sign =

{
1, i ≥ 0

−1, i < 0
(3)

Vdead is the distortion voltage caused by VSI nonlinearity,
which can be expressed as

Vdead=
Tdead + Ton − Toff

Ts
(Vdc−Vsat+Vdd)+

Vsat + Vdd

2
(4)

For the SPMSM, there isLd = Lq = Ls. When the SPMSM
operates stably, the disturbances in id and iq are minimal, and
the steady-state voltage equation can be expressed as{

u∗d +DdVdead = Rsid − ωeLsiq

u∗q +DqVdead = Rsiq + ωeLsid + ωeψf

(5)
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FIGURE 1. Data sampling diagram.

Because the electrical parameters (Rs,Ls,ψf ) and distortion
voltage (Vdead) need to be identified, but the order of the motor
voltage equation in the steady state is less than the parameters
that need to be identified, it cannot meet the requirements of
simultaneous online recognition. Therefore, the issue of rank
deficiency in the equations must be resolved.

3. DESIGN OF PMSM PARAMETER IDENTIFICATION
MODEL
To address the issue of rank deficiency in the system of equa-
tions, a method of feeding a negative current (id = −2) on the
d-axis is adopted. First, the data at id = 0 are collected, that
is, data 0, and then the corresponding data1 are collected 2ms
after the negative sequence current (id = −2) is injected. The
2ms delay before starting to measure data1 ensures that mea-
surements were made after the step transient associated with
the id pulse was established, ensuring reliable data acquisition.
The data acquisition diagrams for the two modes are shown in
Fig. 1.
Therefore, by collecting the same amount of data in both

states, two sets of d-q equations are obtained, as shown in (6)



u∗d0(k) +Dd0(k)Vdead = −ωe0(k)Lsiq0(k)

u∗q0(k) +Dq0(k)Vdead = Rsiq0(k) + ωe0(k)ψf

u∗d1(k) +Dd1(k)Vdead = Rsid1(k)− ωe1(k)Lsiq1(k)

u∗
q1(k)+Dq1(k)Vdead=Rsiq1(k)+ωe1(k)Lsid1(k)+ωe1(k)ψf

(6)
where the variable subscripted “0” indicates that it is under the
control strategy with id = 0, and the variable subscripted “1”
indicates that it is under the control strategy with id = −2.

The adjustable model is designed as

û∗d0(k) +Dd0(k)V̂dead = −ωe0(k)L̂siq0(k)

û∗q0(k) +Dq0(k)V̂dead = R̂siq0(k) + ωe0(k)ψ̂f

û∗d1(k) +Dd1(k)V̂dead = R̂sid1(k)− ωe1(k)L̂siq1(k)

û∗
q1(k)+Dq1(k)V̂dead=R̂siq1(k)+ωe1(k)L̂sid1(k)+ωe1(k)ψ̂f

(7)
where û∗d0(k), û∗q0(k), û∗d1(k) and û∗q1(k) are the stator voltages
of the adjustable model in d-axis and q-axis.
Based on this, this study introduces a novel fitness function

that can realize the response fitting of the two models (actual
and adjustable) under a given input. It can be written as

f1(k)[L̂s, V̂dead] = K−1[u∗d0(k)− û∗d0(k)]
2

f2(k)[R̂s, ψ̂f , V̂dead] = K−1[u∗q0(k)− û∗q0(k)]
2

f3(k)[R̂s, L̂s, V̂dead] = K−1[u∗d1(k)− û∗d1(k)]
2

f4(k)[R̂s, ψ̂f , L̂s, V̂dead] = K−1[u∗q1(k)− û∗q1(k)]
2

(8)

where K represents the maximum number of iterations in the
algorithm.
The optimal parameters can be simultaneously identified in

this process, and the fitness function can be simplified to

f(k)[R̂s, L̂s, ψ̂f , V̂dead] =

4∑
i=1

aifi(k) (9)

where ai represents the weight coefficient of each fitness sub-
function, respectively. Considering the strong coupling re-
lationship among equations and identification parameters and
the importance of each parameter’s accuracy, weighting coef-
ficients with equal weights were chosen, that is, ai = 0.25.
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FIGURE 2. PSO parameter identification flow diagram.

4. PSO OPTIMIZATION

4.1. Basic PSO
PSO is an optimization algorithm that simulates the forag-
ing activities of birds. It is commonly applied in the field of
PMSM parameter identification because of its uncomplicated
algorithm, strong search ability, and rapid convergence speed.
The fundamental idea of the algorithm is to find the optimal so-
lution by simulating birds’ foraging behavior through particle
movement and mutual information sharing. Suppose that there
are n particles in aD-dimensional search space, and each parti-
cle generates a velocity vector and a position vector to gradually
approach the optimal position. The search equation isv

k+1
i =ωvki +c1r1(P

k
best−xki )+c2r2(Gk

best−xki )

xk+1
i =xki +v

k+1
i

(10)

where vi and xi correspond to the position and velocity of parti-
cle i; Pbest is the individual perfect solution;Gbest is the group
perfect solution; k corresponds to the number of iterations; r1,

r2 are random variables within the interval [0, 1]; c1, c2 corre-
spond to the individual and group learning coefficients, respec-
tively, with ω being the inertia weight.
The flowchart of the basic PSO used for identification is

shown in Fig. 2.

4.2. Adaptive Inertia Weight PSO

The inertia weight determines the extent to which a particle’s
previous velocity influences its current iteration. A larger in-
ertia weight helps enhance the global search ability, enabling
particles to escape from local optima. A smaller inertia weight
tends to local contraction to increase its convergence speed. In
the basic PSO, the inertia weights are set to a fixed constant. In
adaptive inertia weighting PSO (APSO), the inertia weight op-
timization changes with the size of the current particle adapta-
tion. When the current particle adaptation is less than the aver-
age adaptation of all particles, the corresponding inertia weight
factor is small, thus retaining the particle to continue the local
exploration. Conversely, when the self-adaptation of the cur-
rent particle is greater than the average self-adaptation of all
particles, the corresponding inertia weight factor is larger, so
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that the particle explores globally in other directions. The strat-
egy is defined as APSO, which is represented by the following
formula:

ω =


ωmin + (ωmax − ωmin)

f − fmin
favg − fmin

, f ≤ favg

ωmax, f > favg

(11)

where ωmax represents the starting inertia weight of 0.9; ωmin
represents the concluding inertia weight of 0.4; f denotes the
current adaptive size of the particle; fmin denotes the minimum
adaptation of the particle for the current iteration; and favg de-
notes the average value of the global particle adaptation.
In APSO, the inertia weight of each particle changes accord-

ing to the global average fitness and its own fitness value, which
not only enables high-quality particles to conduct local refine-
ment but also enhances the search capability of poorer parti-
cles, thereby expanding the search range and preventing con-
vergence to local optima.

4.3. Cauchy Mutation Mean Optimal Position PSO
Based on the APSO, the mean optimal position strategy was
introduced. The particle flight experiences are learned from
the flight experiences of all particles globally. This strategy is
the optimal mean position of all particles and is mathematically
expressed as:

Pnd =
1

n

n∑
i=1

Pid =
(P1 + P2 + P3 + . . .+ Pn)

n
(12)

The mean optimal position can search for more global in-
formation. When the mean optimal position in the population
approaches the steady state and is greater than a certain number
of times, the Cauchy mutation has a strong disturbance ability,
and the mutation formula is

pmd = pnd(1 + Cauchy(xi)) (13)

Cauchy(xi) =
1

π(x2i + 1)
(14)

Pmd is the mean optimal position after mutation, and xi is the
position of the particle.
Under AMPSO, the equation is updated as follows:v

k+1
i = ωvki + c1r1(P

k
md − xki ) + c2r2(G

k
best − xki )

xk+1
i = xki + vk+1

i

(15)

The mutation mean best position Pmd draws on the expe-
rience of other particles while also including its own optimal
position, so particles can use more information to decide their
actions. In AMPSO, the global search ability is enhanced, and
the cooperation among particles and the reference to the expe-
rience information of other particles are improved.

4.4. Hybrid BAS-PSO
The PSO may gather near a local optimal solution during the
search process, such that the optimal solution cannot be fur-
ther found. The integration of BAS with robust global search
capabilities into PSO can significantly enhance the PSO’s op-
timization capability and help it escape local optima. BAS is
a bionic optimization algorithm that mimics the act of beetles
using tentacles to explore the environment when they search
for food. The algorithm simulates the perceived strength of the
two tentacles on the left and right of the beetle at various posi-
tions to determine the direction of the next move, to gradually
approach the target. During foraging, beetles are drawn to the
scent of food, and the two tentacles perceive the food odor in
the air. Owing to the disparity in the distance between the food
and the two antennae, the concentration of the odor detected
by the antennae also varies. When food is located on the right
side of the beetle, the odor concentration detected by the right
antenna is higher than that detected by the left. Therefore, bee-
tles can navigate towards the side with a higher concentration
based on the disparity in the concentration detected by the two
antennae.
In theD-dimensional space, the centroid position of the bee-

tle’s whiskers isX(X1, X2, . . . , XD), and the positions of the
left and right antennae of the beetle are defined as{

Xr = Xk + dk b̄

Xl = Xk − dk b̄
(16)

whereXk represents the centroid position of beetles in k itera-
tions; Xr and Xl represent the right and left whiskers, respec-
tively; dk represents the sensing range of beetles in k iterations;
b̄ denotes a stochastic unit vector, which requires normalization.

b̄ =
rands(D, 1)

∥rands(D, 1)∥2
(17)

By comparing the disparity in odor concentration detected by
the left and right antennae, the next search ability of the particle
(beetle) is described as

X̂k = δk b̄ · sign [f(Xr)− f(Xl)] (18)

where f denotes the fitness function, δk the exploration step at
the k-th iteration, and sign the sign function.
The performance of the BAS depends on the settings of the

sensing range d and search step δ. The values of the sensing
range d and search step size δ are dynamically updated by in-
corporating an exponential decay model to satisfy the global
search objectives of the algorithm.

dk = d0θ
t

Td

d

δk = δ0θ
t

Tδ

δ

(19)

where d0 denotes the initial beetle detection range; δ0 denotes
the initial search step size; θd and θδ are the decay parameters;
Td and Tδ are the exponential decay time constants.
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FIGURE 3. Control block diagram under AMBPSO strategy.

In the BAS algorithm, the initial detection range d0, search
step δ0, and their decay coefficients θd and θδ have signifi-
cant effects on the balance between global exploration and lo-
cal exploitation. Larger initial parameters are beneficial for ex-
panding the search range and avoiding premature convergence
but may prolong the convergence time and cause oscillations
near the optimal solution. Smaller initial parameters can ac-
celerate local convergence, but may lead to insufficient search
ability and increase the risk of falling into local optima. The
decay coefficients determine the variation rates of Td and Tδ ,
thereby directly affecting the transition from global search to lo-
cal fine optimization. Therefore, an exponential decay model is
adopted in this study to dynamically adjust the detection range
and search step, so as to balance the global exploration ability
in the early stage and the local identification accuracy in the
later stage.
By introducing BAS into AMPSO, each particle increases

its ability to judge the environment of BAS based on its own
search. Ultimately, its search capabilities are described asv

k+1
i =ωvki +c1r1(P

k
md−xki )+c2r2(Gk

best−xki )+c3r3X̂k

xk+1i =xki +v
k+1
i

(20)
where c3 is the BAS learning coefficient, and r3 ∈ [0, 1] is a
random variable.

5. SIMULATION ANALYSIS
To fully validate the performance of the AMBPSO algo-
rithm in SPMSM parameter identification, a vector control

system model based on SPMSM was constructed in the
MATLAB/Simulink simulation environment. This model
employs a synchronous rotating coordinate system (i.e., the
d-q coordinate system) to decompose the motor stator current
into excitation and torque components, thereby achieving the
decoupled control of flux and torque to improve the system’s
dynamic response and control accuracy. The overall control
structure of the developed system is illustrated in Fig. 3.
The parameters of SPMSM are presented in Table 1.
The population size in the algorithm was 30, and the number

of iterations was the ratio of the execution time to the sampling
time. The learning factors are set as c1 = c2 = c3 = 2, sim-
ulation system running time 0.4 s, sampling time 1e-6s. Un-
der different operating conditions (PSO, EKF, RLS, PSO_V ,
APSO_V , AMPSO_V , AMBPSO_V ), the parameters of the
SPMSM are identified independently 10 times, and the mean
value is regarded as the final output. Meanwhile, to further
demonstrate the advantages of the proposed AMBPSO_V al-
gorithm in terms of identification accuracy and convergence
performance, the traditional EKF and RLS algorithms are intro-
duced for comparison. Although EKF and RLS are traditional
estimation methods commonly used in motor parameter iden-
tification, their identification performance is easily affected by
model accuracy, initial parameters, noise settings, and the sta-
bility of the recursive process. In contrast, PSO-based intelli-
gent optimization algorithms have stronger global search capa-
bility and do not rely on strict linearization assumptions. There-
fore, through comparative analysis of multiple algorithms, the
superiority of the AMBPSO_V algorithm, considering VSI dis-
tortion voltage and improved optimization strategies, can be
more comprehensively verified in terms of parameter identi-
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TABLE 1. PMSM system parameters.

Parameter Value Parameter Value
Pole Pairs 4 Rated Torque (N · m) 15
Rs (Ω) 1.29 Ton/ns 80
Ls (mH) 2.53 Toff /ns 390
ψf (Wb) 0.3 Tdead/us 2

Moment of Inertia (kg · m2) 0.00277 Vsat/V 1.8–2.7
Rated Power (kW) 2.3 Vdd/V 2.2–3.3
Rated Speed (rpm) 1000 Vdc/V 100

TABLE 2. Parameter identification value and error rate.

Parameter PSO EKF RLS PSO_V APSO_V AMPSO_V AMBPSO_V
Rs (Ω) 1.3667 1.3723 1.3787 1.2322 1.2434 1.3205 1.2663
Error (%) 5.9457 6.3798 6.8760 −4.4806 −3.6124 2.3643 −1.8372

Ls (mH) 2.7211 2.7478 2.7473 2.3618 2.6520 2.5863 2.5857
Error (%) 7.5534 8.4111 8.9842 −6.6482 4.8221 2.2253 2.2016
ψf (Wb) 0.3164 0.3182 0.3191 0.3144 0.3117 0.3075 0.2942
Error (%) 5.4667 6.0667 6.3667 4.8000 3.9000 2.5000 −1.9333

Vdead (V) - −0.3836 −0.3874 −0.4097 −0.3918

Error (%) - −4.1000 −3.1500 2.4250 −2.0500

FIGURE 4. Diagram of RT-LAB experimental equipment.

fication accuracy, robustness, and convergence performance.
The final simulation results and error rates are listed in Table 2.
In the table, the representation of V with a subscript considers
the identification results of Vdead, and the representation of V
without a subscript does not consider the identification results
of Vdead.
As shown in the table, when VSI distortion voltage is not

considered, the identification errors of PSO, EKF, and RLS are
relatively large. In particular, the maximum error of the RLS
algorithm reaches 8.9842%, indicating that traditional estima-
tion methods have limited identification accuracy under com-
plex nonlinear conditions. After considering the VSI distor-

tion voltage, the identification accuracy of the improved PSO
algorithms is significantly enhanced, demonstrating that this
strategy can effectively reduce the model error caused by in-
verter nonlinearity. Among them, the identification errors of
the AMBPSO_V algorithm for all motor parameters are basi-
cally controlled at around 2%, with a maximum error of only
2.2016%. Compared with PSO, EKF, RLS, and other improved
PSO algorithms, AMBPSO_V achieves higher identification
accuracy and better stability. This indicates that the introduced
adaptive strategy, average-position guidance, and BAS mecha-
nism can effectively improve the search capability of the parti-
cle swarm optimization algorithm, enhance its ability to escape
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FIGURE 5. The recognition curve of Rs. (a) PSO (100ms/div), (b) PSO_V (100ms/div), (c) APSO_V (100ms/div), (d) AMPSO_V (100ms/div),
and (e) AMBPSO_v (100ms/div).

from local optima, and thereby improve the accuracy and ro-
bustness of SPMSM parameter identification.

6. EXPERIMENTAL ANALYSIS
In Fig. 4, the proposed algorithm is tested on an RT-LAB hard-
ware platform to validate its effectiveness. This platform in-
cludes a TMS320F2812DSP controller, an RT-LAB (OP5600)
simulator, a motor drive model built in a RT-LAB, a host com-
puter, and an oscilloscope. The RT-LAB was utilized to imple-
ment the operation of the VSI and PMSM, and the controller of
the running algorithm was TMS320F2812.
(1) Conventional experiment

Using the established experimental platform and under ex-
perimental conditions identical to those of the aforementioned
simulations, the dynamic convergence curves for the parame-
ters to be identified were measured and are shown in Figs. 5–8.
Table 3 lists the specific experimental results obtained using the
method described in this study.
From the Rs identification value in Fig. 5, it can be noted

that the error rate of the identified results under the basic PSO
is relatively large compared to the true value, and the conver-
gence speed is slow. The identification results of the improved
algorithm are−4.4186%,−3.2558%, 2.5116%,−1.9535% for
the distortion voltages considering the VSI, while the highest
identification accuracy is achieved at AMBPSO_V , which is
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(a) (b)

(c) (d)

(e)

FIGURE 6. The recognition curve of Ls. (a) PSO (100ms/div), (b) PSO_V (100ms/div), (c) APSO_V (100ms/div), (d) AMPSO_ V (100ms/div),
and (e) AMBPSO_V (100ms/div).

TABLE 3. Motor parameter identification values and error rates under conventional experiments.

Parameter PSO PSO_V APSO_V AMPSO_V AMBPSO_V
Rs (Ω) 1.3785 1.2330 1.2480 1.3224 1.2648
Error (%) 6.8605 −4.4186 −3.2558 2.5116 −1.9535

Ls (mH) 2.7301 2.3741 2.6339 2.5899 2.5860
Error (%) 7.9091 −6.1621 4.1067 2.3676 2.2134
ψf (Wb) 0.3134 0.3117 0.3102 0.3086 0.2948
Error (%) 4.4667 3.9000 3.0000 2.8667 −1.7333

Vdead(V) - −0.3826 −0.3863 −0.4095 −0.3915

Error (%) - −4.3500 −3.4250 2.3750 −2.1250
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(a) (b)

(c) (d)

(e)

FIGURE 7. The recognition curve of ψf . (a) PSO (100ms/div) (b) PSO_V (100ms/div). (c) APSO_V (100ms/div). (d) AMPSO_ V (100ms/div).
(e) AMBPSO_V (100ms/div).

reduced by 4.9% compared to the basic PSO. The results of the
error percentage for resistor identification under the above five
sets of experiments show that AMBPSO_V can better track the
motor’s parameter changes in a timely manner.
From the Ls identification value in Fig. 6, it can be observed

that the identification result of the inductance under the basic
PSO algorithm is 2.7301mH, with a relative error of 7.9091%
compared to the reference value. After the distortion voltage
is considered, the discrimination error is reduced by approxi-
mately 1.75%, indicating that discrimination accuracy was im-
proved by considering the distortion voltage. Based on this, the
algorithm was improved. The error value under APSO_V was
0.1039mH, the error value under AMPSO_V was 0.0599mH,
and the error value under AMBPSO_V was 0.0560mH. It can
be calculated from the accuracy that the error of the improved

AMBPSO_V was reduced by approximately 5.7% compared
with that of the basic PSO.
The recognition curve of the flux linkage is depicted in

Fig. 7. The convergence time required for the conventional
PSO was 227ms, as analyzed from the timeliness pair identifi-
cation curve. In contrast, the AMBPSO_V algorithm proposed
in this study significantly compressed the convergence elapsed
time to 98ms and shortened the time cost by 129ms through a
parameter optimization strategy. The PSO_V , APSO_V , and
AMPSO_V took 159ms, 131ms, and 119ms, respectively.
AMBPSO_V has a more optimal recognition time consumption
owing to the optimization strategy and hybrid BAS algorithm.
Experimental data show that the algorithm has significant ad-
vantages in terms of both convergence stability and computa-
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(a) (b)

(c) (d)

FIGURE 8. The recognition curve of Vdead. (a) PSO_V (100ms/div) (b) APSO_V (100ms/div). (c) AMPSO_V (100ms/div). (d) AMBPSO_V
(100ms/div).

tional real-time performance by regulating the dynamic balance
between exploitation and exploration.
Similar to the identification method for Rs, Ls, and ψf ,

the identification result for Vdead is presented in Fig. 8.
The recognized values under the three improved methods
(APSO_V , AMPSO_V , AMBPSO_V ) are −0.3863, −0.4095,
and −0.3915, respectively. After introducing the adaptive
inertia weight and Cauchy mutation mean optimal position
improvement strategy, the algorithm’s waveform amplitude
was increased, and the completion time was shortened. The
strategy in which the particles are adjusted according to the size
of the fitness and the mean position after mutation is conducive
to increasing search ability and improving search efficiency.
In addition, the model is considered robust, as a result of the
introduction of the environment-seeking capability, which is a
consequence of the hybrid BAS.
The analysis of the experimental data using the five identifi-

cation methods is presented in Table 3.
The comprehensive experimental effect diagram and the data

analysis in the above table show that the PMSM parameter
identification under the elementary particle swarm method has
the problems of large identification error, long identification
time, and low robustness. After considering the distortion
voltage of the VSI, both the discrimination accuracy and the
time required are improved compared to the elementary par-
ticle swarm algorithm. On this basis, the improved APSO_V
improves the traditional fixed and unchanging inertia weights
into adaptive inertia weights that vary with the average adap-

tive size, which improves the contraction speed of the parti-
cles and narrows the error accuracy to 3–4%. The AMPSO_V
strategy takes into account the optimization results of all par-
ticles, thereby reducing the probability of the algorithm falling
into a suboptimal solution. AMBPSO_V introduces the bee-
tle antenna search mechanism compared with AMPSO_V , and
the convergence time of the particles is shortened because of
its ability to judge the environment. The accuracy and robust-
ness of the three different improvement strategies (APSO_V ,
AMPSO_V , AMBPSO_V ) are improved in comparison to the
conventional PSO and PSO_V recognitions. Moreover, se-
quentially improving the previous one, the final algorithm ob-
tained (AMBPSO_V ) is optimal in terms of discrimination ac-
curacy, convergence time, robustness, etc. The identification
error of the flux under AMBPSO_V is the lowest, 1.7333%; the
identification error of the inductor is 2.5860%; and the overall
error range is reduced to about 2%.
(2) Disturbance experiment
To further verify the anti-interference capability of the

AMBPSO_V algorithm, experimental validation was con-
ducted under noise disturbance conditions. The experimental
results are shown in Fig. 9 and Table 4.
By comparing the identification results under noise-free and

noisy conditions, it can be observed that after noise is intro-
duced, the error percentages of the resistance, inductance, flux
linkage, and distorted voltage are 2.15%, 2.30%, 2.10%, and
2.25%, respectively. Compared with the corresponding values
of 1.9535%, 2.2134%, 1.7333%, and 2.1250% under noise-free
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(a) (b)

(c) (d)

FIGURE 9. Parameter identification results under noise interference conditions. (a) Resistance. (b) Inductance. (c) Flux linkage. (d) Distortion
voltage.

TABLE 4. Motor parameter identification values and error rates under disturbance experimental conditions.

Parameter Rs (Ω) Ls (mH) ψf (Wb) Vdead (V)

Identification value 1.3177 2.5882 0.3063 −0.4090

Error value 0.0277 0.0582 0.063 −0.0090

Error percentage 2.15% 2.30% 2.10% 2.25%

conditions, the errors only increase slightly, indicating that the
noise does not cause a significant deviation in the identification
results. This demonstrates that when the measured signals are
subjected to random disturbances, the AMBPSO_V algorithm
can effectively suppress the influence of noise on the parameter
optimization process and avoid particles falling into local mis-
judgment regions caused by noise, thereby maintaining stable
global search capability and convergence accuracy.
The main reason for this result is that, based on the consid-

eration of VSI nonlinear distorted voltage, the AMBPSO_V al-
gorithm further integrates adaptive weight adjustment, average-
position guidance, and the beetle antennae search perturbation
mechanism. On the one hand, the compensation of VSI dis-
torted voltage reduces the influence of voltage model mismatch
on parameter identification. On the other hand, the adaptive

search strategy can dynamically adjust the balance between
global exploration and local exploitation according to the it-
erative state, thereby enhancing the algorithm stability in noisy
environments. Meanwhile, the beetle antennae search mecha-
nism improves the ability of particles to escape from local op-
tima, enabling the algorithm to effectively search around the
true parameter region even under noise interference.
In summary, the AMBPSO_V algorithm can still maintain

the identification errors of all parameters within a low range un-
der noise interference, and the error variation is relatively small
compared with that under noise-free conditions. This indicates
that the proposed algorithm possesses good anti-noise inter-
ference capability and parameter identification robustness, and
can meet the accuracy requirements of PMSMmulti-parameter
identification under complex operating conditions.
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7. CONCLUSION
In this study, a parameter identification method based on
AMBPSO for permanent magnet synchronous motors con-
sidering VSI nonlinearities is proposed. The method can
identify motor parameters and distortion voltage in real time
and has significant advantages in terms of robustness and fast
convergence. The following conclusions were drawn from the
simulation and experimental comparative analyses.
1) Taking the VSI distortion voltage into account can re-

duce the voltage model mismatch caused by inverter nonlin-
earity. Without distortion voltage compensation, the voltage
error induced by the inverter may be incorrectly absorbed into
the estimated motor parameters, resulting in increased devi-
ations in motor parameter identification. By simultaneously
identifying the distortion voltage and motor parameters, the
proposed model improves the consistency between the actual
PMSM drive system and the identification model, thereby en-
hancing the parameter identification accuracy.
2) The adaptive inertia weight strategy improves the bal-

ance between global exploration and local exploitation. Par-
ticles with poorer fitness retain stronger global search capabil-
ity, while particles close to the optimal region focus more on
local refinement. This dynamic adjustment accelerates conver-
gence and improves the stability of the identification process
compared with the fixed-weight PSO method.
3) The improved Cauchy mutation mean optimal position

strategy enhances the global search ability and reduces the
probability of the population falling into suboptimal solutions.
This strategy satisfies the diversity and search range of the pop-
ulation.
4) After incorporating the BAS algorithm, the particles are

able to perceive the search environment. The particle adjusts
the step size according to the environmental judgment during
the search process, which significantly improves identification
accuracy.
5) Simulated and RT-LAB experimental results verify that

the proposed AMBPSO_V method achieves better identifica-
tion accuracy and faster convergence than the basic PSO and
other improved PSO methods. The maximum identification
error is reduced by 5.7%, and the convergence time is short-
ened by 129ms, demonstrating the feasibility of the proposed
method for engineering applications.
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