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ABSTRACT:To address the challenge of achieving both steady-state accuracy and fast dynamic response in permanentmagnet synchronous
motor (PMSM) systems equipped with LCL filters, this paper proposes a complex vector PI controller optimization method. The pro-
posed approach extends the conventional real-axis PI control to the complex domain, enabling unified modeling of current decoupling
and harmonic suppression. Based on this formulation, the response surface methodology (RSM) is employed to optimize the controller
parameters. A quadratic response model is established through the design of experiments (DOE), with steady-state error, dynamic over-
shoot, and harmonic suppression indices defined as optimization objectives to obtain the optimal parameter set. The core contribution
of this work is the integration of a frequency-domain complex-vector model with a systematic multi-objective optimization framework
using Response Surface Methodology (RSM) and Generalized Reduced Gradient (GRG) algorithms. This approach addresses the in-
herent coupling and resonance issues in LCL-filtered PMSM systems. Quantitative experimental results demonstrate that, compared
with conventional tuning methods, the proposed strategy reduces the current settling time by 47.6% and suppresses torque overshoot by
92.8%, thereby achieving a superior balance between fast transient response and steady-state accuracy.

1. INTRODUCTION

Driven by the global energy transition and the “dual carbon”
targets, electric vehicles (EVs) have gradually become an

important alternative to traditional fuel-powered vehicles [1].
Among the three key components of EV powertrains — mo-
tor, motor controller, and battery — the drive motor system
plays a central role, as its performance directly determines the
vehicle’s power, efficiency, and comfort [2]. Permanent mag-
net synchronous motors (PMSMs), owing to their high power
density, high efficiency, and excellent speed regulation capa-
bility, are widely adopted in main traction systems [8]. The
maturity of vector control (VC) technology has further enabled
high-performance control of PMSMs [9].
However, the essence of VC lies in transforming the original

three-phase AC quantities into DC quantities through coordi-
nate transformation for control purposes. In the synchronous
rotating reference frame (SRF), new coupling relationships
emerge between the current variables, particularly cross-
interference between the d-axis and q-axis currents, which
severely affects both the dynamic response and steady-state
performance of the motor system [9]. In practical engineer-
ing, inductor-capacitor-inductor (LCL) filters are commonly
inserted between the inverter and the motor to mitigate
electromagnetic interference and suppress harmonic currents
at the motor terminals [3]. Although LCL filters provide
excellent high-frequency attenuation, they also significantly
alter the system dynamics, introducing higher-order dynamics
and stronger dq-axis coupling, thereby greatly increasing the
difficulty of current loop control [4].
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Therefore, on the basis of existing vector control structures,
optimizing controller parameters to enhance system dynamic
response and disturbance rejection, while maintaining effec-
tive decoupling, holds both high engineering value and theo-
retical significance [12]. Currently, for current loop control
under LCL filters, various decoupling strategies have been pro-
posed, including feedforward compensation, state feedback,
and complex-vector-based decoupling [17]. Among them, the
state feedback approach relies heavily on precise system mod-
eling, making it sensitive to parameter variations and nonlin-
ear disturbances, and prone to instability [18]. Traditional
complex-coefficient proportional-integral (PI) controllers can
achieve partial dq-axis decoupling but still suffer from slow re-
sponse, significant residual coupling, and limited design flexi-
bility in systems with LCL filters [14]. Multi-constraint com-
plex PI controllers improve decoupling performance through
techniques such as pole-zero cancellation, but they still fall
short in balancing bandwidth optimization and dynamic per-
formance constraints [15].
On the other hand, most existing studies emphasize innova-

tions in controller structure, while relatively few address pa-
rameter optimization itself — particularly with respect to com-
prehensive multi-objective performance criteria, such as band-
width, phase margin, and dq-axis symmetry [8, 10, 15, 16, 25].
In the international context, significant advancements have

been made in addressing the coupling and resonance issues of
LCL-filtered PMSM drives. The foundational work by Harne-
fors et al. [24] established passivity-based design criteria to pre-
vent electrical resonance instability, providing a rigorous the-
oretical basis for system robustness. Building on robust con-
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FIGURE 1. Topology of the LCL-type motor inverter main circuit.

trol theories, Cheng et al. [23] recently proposed a fast current
control strategy for LCL-equipped high-speed PMSMs to mit-
igate delay effects and ensure stability. In the specific domain
of complex-vector control, Lyu and Wu [21] developed a de-
coupling and resonance suppression scheme in the synchronous
complex-vector frame, effectively analyzing the cross-coupling
effects. Regarding systematic optimization, Du et al. [22]
demonstrated the efficacy of surrogate model-based optimiza-
tion methodologies for PMSM design under complex operating
conditions.
However, a critical gap remains in the existing literature:

While studies like [23] and [24] focus heavily on stability
boundaries and robustness, and [21] establishes the control ar-
chitecture, they often rely on analytical parameter tuning (e.g.,
pole placement), which requires precise model knowledge.
Conversely, optimization studies like [22] primarily focus on
motor structural design rather than the dynamic tuning of com-
plex LCL control parameters. Therefore, this paper proposes
a unified framework that integrates the complex-vector model-
ing (inspired by [21]) with an RSM-based multi-objective op-
timization (similar to the methodology in [22]), thereby bridg-
ing the gap between theoretical decoupling and practical per-
formance tuning.
The main contributions and novelties of this paper are sum-

marized as follows:
(1) A complex-vector frequency-domain model is estab-

lished to explicitly characterize the cross-coupling effects intro-
duced by LCL filters, providing a theoretical basis for precise
decoupling control.
(2) A systematic parameter tuning framework combining

Central Composite Design (CCD) and the GRG algorithm is
proposed to solve the multi-objective conflict between settling
time and overshoot.
(3) Theoretical analysis and experimental validation quantify

the performance improvements, confirming that the optimized
controller significantly enhances dynamic bandwidth and ro-
bustness compared to traditional methods [13].
This work not only provides theoretical guidance for con-

troller tuning in EV drive systems with LCL filters but also
contributes to the design of control strategies for future high-
power, high-performance motor systems [5, 6].

2. SYSTEM ANALYSIS AND COMPLEX-VECTOR CON-
TROL STRATEGY

2.1. System Modeling
To achieve high-performance control of permanentmagnet syn-
chronous motors (PMSMs) in electric vehicle (EV) drive sys-

tems, this paper proposes a complex-vector current control
strategy based on an LCL filter [7]. Taking the stator cur-
rent as the control target, the strategy establishes a complex-
vector model in the synchronous rotating reference frame (dq-
axis) [20], thereby overcoming the coupling issues introduced
by the higher-order dynamics of the LCL filter in conventional
control methods [11]. This approach significantly improves
current response speed and dynamic performance.
The overall structure of the control system is illustrated in

Figure 1. It consists of a three-phase voltage-source PWM
inverter, an LCL filter, a PMSM, and feedback loops. The
core modules of the system include an outer-loop speed con-
troller, an inner-loop current controller, coordinate transforma-
tionmodules, a space vector pulse widthmodulation (SVPWM)
module, and the LCL filtering stage. The outer-loop speed con-
troller employs a PI regulator, which dynamically adjusts the
q-axis current reference according to the speed error [19]. The
control equation can be expressed as:

i∗q = Kpω(ω
∗ − ω) +Kiω

∫
(ω∗ − ω)dt (1)

Here, ω∗ denotes the reference speed, whileKpω andKiω rep-
resent the proportional and integral gains, respectively. The
inner-loop current controller adopts a complex-coefficient PI
algorithm to achieve independent closed-loop control of the dq-
axis currents. In combination with coordinate transformation
and SVPWMmodulation techniques, this ensures accurate cur-
rent tracking.
Figure 1 illustrates the topology of the LCL-type motor in-

vertermain circuit. In this configuration,Udc is theDC bus volt-
age; ua, ub, uc are the inverter output phase voltages;L1 andL2
represent the inverter-side and motor-side inductances, respec-
tively; C is the filter capacitance; i1a, i1b, i1c are the inverter-
side currents; and i2a, i2b, i2c are the motor-side currents.
The LCL filter, serving as a critical interface between the

inverter and the motor, consists of the inverter-side inductor
L1, filter capacitor Cf , and motor-side inductor L2. Its transfer
function describing the relationship between the inverter out-
put voltage vector and the motor-side current vector in the syn-
chronous rotating reference frame can be expressed as:

GLCL(s) =
1 +RfCfs

L1L2Cfs3 + (L1 + L2)RfCfs2 + (L1 + L2)s

(2)
In this derivation, to establish a tractable linear model for

controller design, nonlinear factors, such as inverter dead-time
effects and sampling delays, are neglected [25]. However,
the potential impact of these unmodeled dynamics is mitigated
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through the robustness margins enforced in the subsequent pa-
rameter optimization process.
This third-order system, while effective in suppressing high-

frequency harmonics, introduces significant dynamic coupling
and resonance risks. Specifically, the asymmetric terms in the
capacitor current feedback path make it difficult for conven-
tional real-coefficient PI controllers to achieve complete de-
coupling. Moreover, small deviations in filter parameters L1,
L2, and Cf can substantially impact system stability and band-
width.

2.2. Complex Vector Control Strategy
To address these issues, this study proposes a multi-constrained
control strategy based on complex-vector modeling. First, the
dq-axis currents are combined into a complex vector form idq =
id + jiq , transforming the dual-input dual-output (MIMO) sys-
tem into a single-input single-output (SISO) complex-variable
model. On this basis, a complex-coefficient PI controller is de-
signed, whose transfer function is given by:

GPI(s) = Kp +
Ki

s
(3)

where Kp = Kp1 + jKp2 and Ki = Ki1 + jKi2 are complex
coefficients. By employing the principle of pole-zero cancella-
tion, the controller is able to compensate for the complex poles
introduced by the LCL filter, while symmetry constraints are
used to optimize the frequency response characteristics in both
positive and negative domains.
The transfer function of the complex-coefficient PI controller

can be further expressed as:

GPI(s) = GPIre(s) + jGPIim(s) (4)

As illustrated in Figure 2, the controller input signals are∆id
and∆iq , and the output signals are ed and eq . Since the dq-axis
outputs are inherently coupled, the complex-coefficient PI con-
troller leverages its intrinsic coupling characteristics to cancel
the poles introduced by the filter inductances.

FIGURE 2. Block diagram of the complex-coefficient PI controller.

The workflow of the control system can be summarized as
follows: the encoder provides real-time feedback of the ro-
tor position θ and speed ω. The outer-loop PI controller gen-
erates the q-axis current reference i∗q . The three-phase cur-
rents are transformed into dq-axis currents id and iq through
Clarke and Park transformations. These actual currents are then
compared with the reference values and fed into the complex-

coefficient PI controller. The controller outputs dq-axis volt-
age commands, which are converted into αβ voltages via the
inverse Park transformation. Subsequently, the SVPWM mod-
ule modulates these signals into six PWM pulses to drive the
inverter. The inverter outputs are filtered through the LCL fil-
ter to suppress high-frequency harmonics before being applied
to the motor, ultimately achieving high-precision current track-
ing. To suppress speed-dependent coupling terms, a complex-
vector decoupling factor∆ = ωe(L1+L2) is introduced at the
controller output, effectively compensating for cross-coupling
during dynamic processes.

2.3. Comparison with Traditional dq-PI Control

To clarify the theoretical advantages of the proposed method, it
is essential to distinguish it from the traditional control struc-
ture. The traditional dq-PI control approach treats the d-axis
and q-axis as two separate channels, employing two indepen-
dent real-valued PI controllers. To handle the coupling caused
by inductance and motor rotation, explicit feedforward decou-
pling terms are typically added to the controller output. How-
ever, this method relies heavily on accurate parameter knowl-
edge and often fails to effectively decouple the frequency-
dependent cross-coupling introduced by the LCL filter reso-
nance.
In contrast, the proposed strategy treats the current vector as

a single complex variable. The controller employs complex-
valued gains, where the real parts correspond to the bandwidth
and zero locations of the main loops, while the imaginary parts
inherently provide rotationally invariant decoupling. Unlike
static feedforward terms, these complex coefficients dynami-
cally compensate for the cross-coupling effects across the entire
frequency range. This characteristic makes the complex-vector
PI controller particularly effective for managing the high-order
dynamics of LCL filters. Therefore, optimizing the complex
PI parameters is mathematically equivalent to simultaneously
tuning the main loop gains and the dynamic decoupling gains
in a unified framework.

2.4. Frequency Domain Analysis

Figure 3 illustrates the influence of each parameter of the
complex-coefficient PI controller on its frequency-domain
characteristics. The controller parameters are derived
based on the inverter-side current feedback model, denoted
as Gplant,inv(s). When the LCL filter parameters exhibit
a + 10% deviation, the parameter variation ranges are
as follows: Re(Kp) ∈ [3.2, 4.8], Im(Kp) ∈ [−0.5, 0.5],
Re(Ki) ∈ [477.1, 739.4], and Im(Ki) ∈ [1001.7, 1405.4].
Figure 3(a) shows the frequency response when only Re(Kp)

is varied. Re(Kp) primarily affects the attenuation magnitude
during pole-zero cancellation and the phase shift at high fre-
quencies. A larger Re(Kp) results in greater attenuation and
smaller phase deviation.
Figure 3(b) shows the response when only Im(Kp) is varied.

Im(Kp) mainly affects the zero location and attenuation mag-
nitude. As Im(Kp) increases, the zero shifts leftward, and the
attenuation magnitude increases.
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FIGURE 3. Influence of complex-coefficient PI controller parameters on frequency-domain characteristics.

Figure 3(c) shows the response when only Re(Ki) is varied.
Re(Ki) influences the zero location and attenuation magnitude,
with a trend consistent with that in Figure 3(b).
Figure 3(d) shows the response when only Im(Ki) is var-

ied. Im(Ki) affects the attenuation magnitude and phase shift
near the zero. A larger Im(Ki) leads to smaller attenuation but
greater phase deviation.
From Figure 3, it can be observed that within the parameter

variation ranges corresponding to a+10%deviation of the LCL
filter parameters, the frequency response curves exhibit only
minor changes. For controller parameters obtained based on
themotor-side current feedbackmodel, denoted asGplant,mot(s),
the influence trends are identical since the controller transfer
function shares the same form. Therefore, their response curves
are not repeated here.
The parameter deviations of a complex-coefficient controller

significantly affect the system’s dynamic performance, mainly
in three aspects: first, fluctuations in both the real and imagi-
nary parts of the parameters cause shifts in the locations of the
controller’s zeros and poles, directly impacting system stabil-
ity; second, parameter variations alter the frequency-domain re-
sponse characteristics, especially phase margin and magnitude
curves, thereby affecting dynamic response quality; finally, in
multivariable coupled systems, such effects can be amplified
through the transfer function matrix, further reducing system
robustness. Even within a ± 10% deviation range of LCL fil-
ter parameters, the controller’s performance indices still exhibit
considerable fluctuations. Therefore, parameter optimization
of the complex-coefficient controller is particularly necessary,
not only to ensure stable operation of the system under various
operating conditions but also to improve its dynamic response
performance.

3. CONTROLLER PARAMETER OPTIMIZATION

3.1. Experimental Design and Modeling
Central Composite Design (CCD) is a commonly used re-
sponse surface methodology (RSM) that is suitable for building
quadratic mathematical models with a limited number of exper-
iments. Its basic concept is to augment a two-level factorial de-
sign with additional experimental points located at specific po-
sitions, so that themodel can capture not only linear and interac-
tion effects but also quadratic effects and curvature variations.
CCD generally consists of three types of points: (i) cube points
derived from full or fractional factorial designs, used to esti-
mate main and interaction effects; (ii) axial points, also known
as star points, positioned at a distance α from the center along
each factor axis, introduced to capture quadratic effects; and
(iii) center points, typically replicated several times at the mean
level of all factors, used to estimate pure error and detect model
lack-of-fit. The value of α determines the distance between the
axial and center points, and it is usually chosen according to
the rotatability principle to ensure uniform prediction accuracy
across the design space. Based on the relative positions of the
axial points to the experimental region, CCD can be divided
into three forms: circumscribed (CCC), inscribed (CCI), and
face-centered (CCF), which are respectively suitable for wide
ranges, constrained ranges, or limited factor levels. This design
method features a flexible arrangement of experimental points,
high accuracy in quadratic surface fitting, and relatively fewer
experimental runs, making it widely applied in engineering op-
timization and parameter modeling.
To enhance the dynamic performance of the complex-vector

control system with an LCL filter, this study optimizes the PI
controller parameters in the d-axis and q-axis current loops.
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TABLE 1. Summary of parameter ranges for theoretical analysis, DOE design, and GRG optimization.

Parameter Symbol
Theoretical Analysis Range

(Robustness Check)
DOE Design Levels
(Factor Range)

GRG Optimization
Search Constraints

P-Gain Real Part Re(Kp) [3.2, 4.8] [3.2, 4.8] [3.2, 4.8]
P-Gain Imag Part Im(Kp) [−0.5, 0.5] [−0.5, 0.5] [−0.5, 0.5]
I-Gain Real Part Re(Ki) [477.1, 739.4] [477.1, 1001.7] [477.1, 1001.7]
I-Gain Imag Part Im(Ki) [1001.7, 1405.4] [739.4, 1405.4] [739.4, 1405.4]
Filter Inductance L1L2 ±10% Deviation Nominal Nominal

TABLE 2. Regression coefficients of the equation for td.

A0 A1 A2 A3 A4

8 −1.2 6.87 0.0494 −0.0239

A5 A6 A7 A8 A9

0.66 2.01 −0.00036 0.000014 −0.48

A10 A11 A12 A13 A14

−0.00286 −0.00139 −0.00472 −0.00369 0.000009

TABLE 3. Regression coefficients of the equation for δd.

A0 A1 A2 A3 A4

0.96 4.73 −2.324 −0.00638 −0.01153

A5 A6 A7 A8 A9

−0.468 −0.179 0.000012 0.147
A10 A11 A12 A13 A14

0.001465 0.002435 0.003307 0.001426 0.000001

TABLE 4. Regression coefficients of the equation for tq .

A0 A1 A2 A3 A4

15.4 29.6 3.1 −0.1379 −0.0218

A5 A6 A7 A8 A9

−2.17 −1.29 0.000081 0.000028 1.85
A10 A11 A12 A13 A14

−0.00299 −0.00833 0.01779 −0.02699 0.000006

TABLE 5. Regression coefficients of the equation for δq .

A0 A1 A2 A3 A4

11.08 −0.65 0.26 −0.00876 −0.00061

A5 A6 A7 A8 A9

0.145 5.45 0.000002 0.000006 −0.122

A10 A11 A12 A13 A14

0.000856 −0.00161 0.003791 0.001647 0

The optimization process is modeled using Central Composite
Design (CCD) within the framework of Design of Experiments
(DOE). The input variables are the proportional (Kp) and in-
tegral (Ki) coefficients of the d-axis and q-axis PI controllers,
i.e., four parameters in total. The outputs are the settling time
and overshoot of the active and reactive currents.
First, based on the Simulink simulation model, a motor drive

control system is constructed, including the LCL filter, current
decoupling, complex-vector control, and SVPWM. Through
preliminary analysis of the system’s open-loop gain and de-
sired bandwidth, the parameter boundaries were established. To
ensure consistency throughout the study, the parameter devia-
tion ranges used in theoretical analysis, the factor levels for the
DOE design, and the search constraints for the GRG optimiza-
tion are summarized in Table 1. Specifically, the DOE explo-
ration ranges were set based on the robustness limits identified
in Section 2. Within these ranges, experimental points includ-
ing center points, axial points, and factorial boundary points are
arranged usingCCD, reducing the number of experiments while
ensuring the fitting accuracy of the response surface model.
Each set of PI parameter values is substituted into the

Simulink model for simulation. The settling time (td, ms) and
maximum overshoot (δd, A) of the reactive current response,
as well as the settling time (tq , ms) and maximum overshoot
(δq , A) of the active current response, are obtained via oscil-

loscope monitoring as the output responses. The collected
experimental data are then input into Minitab software, and
a quadratic response surface model is constructed using the
RSM module, expressed as follows:

y = A0 +

n∑
i=1

Aixi +

n∑
i=1

Aiix
2
i +

∑
i<j

Aijxixj (5)

where the dependent variable y corresponds to td (reactive cur-
rent settling time), δd (reactive current overshoot), tq (active
current settling time), and δq (active current overshoot). The
independent variables are: x1 = Re(Kp) x2 = Im(Kp),
x3 = Re(Ki), x4 = Im(Ki). Coefficients A: A0 is the con-
stant term, A1–A4 are linear coefficients, A5–A8 are quadratic
coefficients, and Aij (e.g., A9–A12) represent interaction coef-
ficients.
The specific values of each coefficient are shown in Tables 2–

5.
To verify the model accuracy, residual plots are drawn in Fig-

ure 4.
As shown in Figure 4, the residuals are approximately evenly

distributed around zero, with most data points falling within
±3σ (standard deviation). This indicates that the model ex-
hibits high fitting accuracy and prediction capability. The
quadratic response model thus provides a reliable foundation
for subsequent optimization analysis.
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(a) (b)

(c) (d)

FIGURE 4. Residual plots of active and reactive current settling time and overshoot.

(a) (b)

(c) (d)

FIGURE 5. Fitted quadratic response surfaces.

Figure 5 illustrates the response surfaces of the four perfor-
mance indices with respect to PI controller parameters. Specif-
ically, Figure 5(a) shows the response surface of the reactive
current settling time td with respect to Im(Ki) and Im(Kp)
(with fixed Re(Kp) = 4, Re(Ki) = 739.4); Figure 5(b) de-
picts the surface of the active current settling time tq versus
Im(Ki) and Re(Ki) (with fixed Re(Kp) = 4, Im(Kp) = 0);
Figure 5(c) illustrates the surface of the maximum reactive
current overshoot δd versus Im(Kp) and Re(Kp) (with fixed
Re(Ki) = 739.4, Im(Ki) = 1072.4); and Figure 5(d) shows
the surface of the maximum active current overshoot δq versus
Im(Ki) and Re(Ki) (with fixed Re(Kp) = 4, Im(Kp) = 0).
Overall, these four response surfaces clearly reveal the influ-
ence of PI parameter variations on system regulation perfor-
mance, providing an intuitive basis for defining feasible param-
eter regions and optimizing solutions.

Under the same conditions as in Figure 5 (PI parameter re-
sponse surfaces), contour plots of the four performance indices
were superimposed to identify feasible parameter regions, as
shown in Figure 6. To ensure fast current-loop response while
limiting overshoot, the following acceptable ranges were de-
fined: δq = 2–8ms, ensuring controllable active current over-
shoot for loop stability; tq = 3–15ms, ensuring dynamic per-
formance; δd = 2.8–40A, limiting reactive current overshoot
to avoid excessive load stress; and td = 3–14ms, balancing
speed and stability.
The white areas in Figure 6 represent PI parameter combi-

nations that simultaneously satisfy all four constraints, forming
the initial search domain for optimization. Analysis of these
regions shows that δq is particularly sensitive to imaginary pa-
rameter variations, while td and δd are more influenced by real
parameter variations, and tq shows coupled sensitivity to com-
bined parameters. This provides a scientific basis for selecting
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(b)

(d)

(a) (b)

(c)

FIGURE 6. Superimposed contour maps of td, tq , δd, and δq .

optimization initial values and parameter boundaries, ensuring
that the minimum-value optimization is performedwithin a fea-
sible region and that results are both reliable and practical.

3.2. PI Parameter Optimization Method
The Generalized Reduced Gradient (GRG) method is an effi-
cient nonlinear programming technique widely used in multi-
variable constrained optimization problems, and it is equally
applicable to the optimization of PI parameters. To ensure
that the system achieves shorter settling times and smaller cur-
rent overshoots in dynamic performance, this paper adopts the
weighted sum of four performance indices — td, tq, δd, δq —
as the objective function to be minimized.
According to the principle of the GRGmethod, the optimiza-

tion objective function can be expressed as:

f(x) = w1td(x) + w2tq(x) + w3δd(x) + w4δq(x) (6)

wherew1, w2, w3, andw4 are the weighting coefficients. Equal
weights (w1 = w2 = w3 = w4 = 0.25) are assigned in the ob-
jective function. This selection reflects the design philosophy
that dynamic speed (settling time) and stability (overshoot) are
of equal importance in EV drive systems. Furthermore, bal-
anced weights ensure symmetric performance improvements
for both the d-axis and q-axis, preventing performance degra-
dation in one axis while optimizing the other.
The constraints are defined as: gi(x) ∈ [gimin, gimax], i ∈

td, tq, δd, δq , which means that the four performance indices
must remain within the predefined acceptable ranges: δq ∈
[2, 8], tq ∈ [3, 15], δd ∈ [2.8, 40], td ∈ [3, 14].
Based on the GRG method, the gradient of the objective

function f(x) with respect to the controller parameters is given
by:

∇y =

(
∂y

∂Re(Kp)
,

∂y

∂Im(Kp)
,

∂y

∂Re(Ki)
,

∂y

∂Im(Ki)

)
(7)

Let the initial parameter vector be x1. After k iterations, the
update formula is:

xk+1 = xk + αkpk (8)

where pk is the descent direction, and αk is the step size chosen
within the range [0, αmax] such that f(xk+αkpk) is minimized.

FIGURE 7. Optimization flow of the generalized reduced gradient
(GRG) algorithm.
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TABLE 6. Comparison of PI parameters and response performance before and after optimization.

Condition Re(Kp) Im(Kp) Re(Ki) Im(Ki) td (ms) δd (A) tq (ms) δq (A)
Pre-Optimization 3.2 −0.5 477.1 1405.4 14 8.09 37.95 12.9
DOE Center Point 4 0 739.4 1072.4 13.23 2.8 8.46 6.98
Optimized (GRG) 3.2 −0.21 1001.7 739.4 7.63 0.76 3.57 6.09

Figure 7 illustrates the optimization flowchart of the GRG
method. The termination condition is defined as the conver-
gence of f(xk) to its minimum value. Based on the feasible re-
gion identified from the DOE analysis, the optimization search
space for the PI controller parameters is constrained within the
bounds summarized in Table 1.
The initial parameter vector is selected as:

[Re(Kp), Im(Kp),Re(Ki), Im(Ki)] = [4, 0, 739.4, 1072.4].
Through iterative computation of the GRG algorithm, the
optimized PI parameters are obtained, ensuring that all four
performance indices fall within the acceptable range while
minimizing the objective function. Consequently, the system
achieves optimal adjustment of its dynamic performance.
The core idea is to iteratively guide the objective function

along the descent direction of the gradient to gradually ap-
proach the optimum. Starting from the initial parameter vector,
the system response is calculated, and constraint satisfaction is
checked. If the constraints are satisfied, the gradient informa-
tion is used to determine the descent direction, and a suitable
step size is searched within the feasible region to update the pa-
rameter vector. This process repeats until the objective function
converges or the preset termination condition is met.
The final parameter set obtained represents the optimal PI

controller configuration. Compared with conventional trial-
and-error tuning, the GRG method enables comprehensive
multi-index optimization under constraints, thereby enhanc-
ing the coordination between dynamic and steady-state perfor-
mance in the complex-vector control system.
Table 6 presents a systematic comparison of the controller

parameters and system responses. It is evident that the opti-
mized parameters yield significant improvements, reducing the
settling time by approximately 45–90% and the overshoot by
over 90% compared to the pre-optimization state.
Regarding the validity of the response surface models, the

statistical analysis indicates a high degree of fit. The coefficient
of determination (R2) for all four response models exceeds 0.9,
and the adjusted R2 values are in close agreement, confirming
the model’s predictive accuracy. The Lack-of-Fit tests yielded
p-values greater than 0.05, implying that the quadratic models
adequately capture the system dynamics. Furthermore, resid-
ual analysis confirms that the residuals follow a normal dis-
tribution, validating the statistical assumptions underlying the
RSM.

4. SIMULATION AND EXPERIMENTAL VALIDATION
To further verify the effectiveness of the PI controller parame-
ters obtained through response surface optimization, both sim-
ulation and practical experiments are conducted for system per-

formance evaluation. By comparing the system responses be-
fore and after optimization, the advantages of the proposed
method in improving the dynamic characteristics of the current
loop are clearly demonstrated. The verification mainly focuses
on four aspects: the regulation time and overshoot of active and
reactive currents, steady-state accuracy, and system robustness
under disturbances or sudden load changes.

4.1. Simulation Model Development

A motor drive control system was built on the MAT-
LAB/Simulink platform, as shown in Figure 8.

4.2. Simulation Validation

To validate the effectiveness of the PI parameter optimization
strategy, the performance of the control system was compared
under steady-state and dynamic disturbance conditions. Fig-
ures 9–12 present the three-phase current waveforms and dq-
axis current waveforms before and after optimization.
Under conventional PI control, the three-phase currents are

approximately sinusoidal but still show slight distortion. After
optimization, the waveforms become smoother and closer to
the ideal sinusoidal shape, while the overshoot is significantly
reduced. This demonstrates that the optimized parameters ef-
fectively suppress output current harmonics.
In steady state, the dq-axis currents under conventional PI

control exhibit noticeable ripples, whereas the optimized wave-
forms are flatter with suppressed ripple components. This indi-
cates that the optimized PI parameters bring higher steady-state
accuracy and improved disturbance rejection.
The comparison clearly illustrates a leap in dynamic perfor-

mance. Under conventional PI control, the system response
shows large overshoot, long settling times, and even oscilla-
tions. After optimization, the response becomes faster and
monotonic, almost free of overshoot, with significantly shorter
transient duration and enhanced robustness.
Under conventional PI control, the active current response

of the system was relatively slow, exhibiting noticeable delay
and overshoot, and the steady-state establishment process was
prolonged. After parameter optimization, the current response
speed was significantly improved; the adjustment process be-
came smoother; and the system could quickly converge to the
steady state with a markedly reduced overshoot. The dynamic
performance of the reactive current was also greatly enhanced;
after optimization, the response became faster, the overshoot
was substantially weakened, and both the transient regulation
capability and dynamic stability of the system were effectively
improved. These results demonstrate the remarkable effective-
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FIGURE 8. Simulink model of the current loop in an EV drive motor controller.

(a) (b)

FIGURE 9. Comparison of steady-state three-phase current waveforms before and after PI parameter optimization.

(b)(a)

FIGURE 10. Comparison of steady-state dq-axis current waveforms before and after PI parameter optimization.

(a) (b)

FIGURE 11. Comparison of dynamic responses of three-phase currents under sudden current changes before and after optimization.

(a) (b)

FIGURE 12. Comparison of dq-axis current dynamic responses under sudden changes before and after optimization.

213 www.jpier.org



Liu et al.

TABLE 7. Quantitative comparison of simulation performance indices.

Performance Metric Conventional PI Optimized Complex PI Improvement
tq 37.95ms 3.57ms 90.6%
δq 12.90A 6.09A 52.8%
td 14.00ms 7.63ms 45.5%
δd 8.09A 0.76A 90.60%

Phase Current THD 5.19% 2.42% 53.40%
Steady-State Current Ripple 1.00A 0.47A 53.0%

TABLE 8. Key parameters of the experimental PMSM drive system.

Category Parameter Symbol Value

PMSM

Rated Power Pn 6.0 kW
Rated Speed nn 3000 rpm
Rated Torque Tn 19.1Nm
Rated Current In 12.5A
Pole Pairs p 4

Stator Resistance Rs 0.35
d-axis Inductance Ld 3.5mH
q-axis Inductance Lq 3.5mH
Flux Linkage ψf 0.12Wb

LCL Filter
Inverter-side Inductance L1 1.0mH

Filter Capacitance Cf 10µF

Controller

DC Bus Voltage Udc 540V
Switching Frequency fsw 10 kHz
Sampling Frequency fs 10 kHz

Control Unit DSP TMS320F28335
Clock Frequency fclk 150MHz
Encoder Resolution - 2500 lines

ness of the optimized control strategy in enhancing the perfor-
mance of the current loop.
To quantitatively evaluate the overall performance improve-

ment, the key simulation indices are summarized in Table 7.
Compared with the conventional PI controller, the optimized
complex vector PI controller reduces the settling time by over
45% and suppresses the current overshoot by up to 90%.
Furthermore, the steady-state performance is significantly en-
hanced, with the Total Harmonic Distortion (THD) reduced
from 5.19% to 2.42% and the current ripple suppressed from
1.00A to 0.47A, validating the effectiveness of the proposed
harmonic suppression strategy.

4.3. Experimental Validation

To verify the effectiveness of the proposed complex-vector-
based PI parameter optimization method in practical systems,
a dynamic performance verification test was conducted on the
built PMSM drive test platform. The experimental validation
was conducted on a high-performance motor drive test bench.
The detailed specifications of the PMSM, LCL filter, and con-
trol system are listed in Table 8. The main control unit adopts

a TI TMS320F28335 DSP with a clock frequency of 150MHz.
The switching frequency and sampling frequency are both set
to 10 kHz. The DC bus voltage is stabilized at 540V.
As mentioned in the performance comparison, the experi-

mental operating conditions were configured to represent a typ-
ical severe load disturbance scenario: the motor was controlled
to run at the rated speed of 3000 rpm, and a step load of 20Nm
was applied to verify the system robustness.
The overall logical structure of the test bench is shown

in Figure 13, which mainly consists of a DC power supply,
driver board, main control board (TMS320F28335), LCL filter,
PMSM test rig, torque and power analyzer, and oscilloscope.
In this setup, the DC power supply provides a stable

DC-link voltage for the inverter; the driver board amplifies
SVPWM signals to drive the three-phase bridge; the control
board (TMS320F28335) executes the PI current loop algo-
rithm, performs dq-coordinate transformation, and generates
SVPWM signals. The torque and power analyzer measures
the real-time speed and output torque of the motor, while the
oscilloscope captures the current waveforms and evaluates the
dynamic response characteristics. All measurement signals are
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(a)

(b) (c)

FIGURE 13. Test platform.

(a) (b)

FIGURE 14. Dynamic response of active and reactive currents.

(a) (b)

FIGURE 15. Three-phase current waveforms.

transmitted through isolated and high-speed sampling circuits
to ensure both accuracy and safety of the test data.
First, a current step experiment was conducted under the non-

optimized PI parameters to observe the system response to a
step current command. The waveforms of the active current
(Id) and reactive current (Iq) under conventional PI control are
shown in Figure 14(a). It can be observed that the response ex-
hibits significant overshoot and oscillation, with a long settling
time, indicating a dynamic lag phenomenon caused by param-
eter mismatch in the controller.
Subsequently, the controller was retuned using the complex-

coefficient PI parameters obtained from response surface opti-
mization, and the same test was repeated under identical condi-

tions. The optimized active and reactive current responses are
shown in Figure 14(b). The results show that the optimized sys-
tem can quickly track the reference changes with a smooth ris-
ing edge and almost no overshoot. The response time is reduced
by approximately 50%, indicating a remarkable improvement
in dynamic performance.
To further verify the controller’s dynamic robustness, the

three-phase current waveforms of the system before and after
optimization were recorded, as shown in Figures 15(a) and (b).
Under conventional PI control, the three-phase currents exhibit
noticeable distortion and phase asymmetry, while after opti-
mization, the current waveforms are nearly ideal sine waves
with consistent amplitudes and precise 120◦ phase separation.
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(a) (b)

FIGURE 16. Comparison of torque and power variation curves.

TABLE 9. Experimental performance comparison under rated speed and load step conditions.

Performance Metric Conventional PI Optimized Complex PI Note
Current Rise Time 6.2ms 3.1ms 50.00%

Current Settling Time 14.5ms 7.6ms 47.60%
Current Overshoot 12.50% 0.80% Eliminated
Torque Overshoot 4.2Nm 0.3Nm 92.80%

Output Power Fluctuation ±450W ±60W 86.70%

This demonstrates that the optimized parameters effectively
suppress current coupling and improve dynamic balance.
To further verify the influence of PI parameter optimization

on the system’s electromagnetic performance, the variations of
motor torque and output power before and after optimization
were recorded, as shown in Figure 16.
Figure 16(a) presents the pre-optimization results, where the

torque exhibits significant overshoot and oscillation during the
step response, and the power curve shows transient fluctuations.
In contrast, Figure 16(b) shows the post-optimization results,
where the torque responds rapidly and smoothly to command
changes, and the power output becomes more stable. This indi-
cates that the optimized PI parameters effectively enhance the
system’s dynamic energy transfer capability and control preci-
sion.
To provide a comprehensive quantitative assessment of

the proposed method under the tested operating conditions
(3000 rpm, 20Nm step), the key performance indicators are
summarized in Table 9. Compared to the conventional PI
controller, the optimized strategy reduces the current rise time
by approximately 50% and the settling time by over 47%.
Most notably, the current overshoot is practically eliminated
(reduced from 12.5% to 0.8%). Furthermore, the mechanical
impact is significantly mitigated, with torque overshoot re-
duced by 92.8% and steady-state power fluctuation suppressed
by 86.7%, confirming the superior dynamic robustness of the
proposed control scheme.

5. CONCLUSION
This paper proposes a complex-vector-based PI parameter op-
timization method to address current loop coupling and dy-
namic degradation in LCL-filtered PMSM drives. First, a

frequency-domain complex-vector model was established to
transform a MIMO system into an equivalent SISO model, ex-
plicitly revealing the LCL coupling mechanism. Accordingly,
a complex-coefficient PI controller with decoupling compen-
sation was designed. Second, a systematic optimization frame-
work combining Central Composite Design (CCD)-based Re-
sponse Surface Methodology (RSM) and the Generalized Re-
duced Gradient (GRG) algorithm was implemented to balance
conflicting dynamic indices.
Experimental results verify the method’s effectiveness.

Quantitatively, the experimental results under rated load step
conditions show that the current settling time is reduced from
14.5ms to 7.6ms (47.6% reduction), and the torque overshoot
is suppressed by 92.8% (from 4.2Nm to 0.3Nm). Further-
more, steady-state power fluctuation is mitigated by 86.7%.
These improvements confirm that the framework successfully
mitigates the tradeoff between response speed and stability
while maintaining high consistency between simulation and
implementation.
In conclusion, the proposed method simplifies the modeling

of complex PMSM systems and provides an effective optimiza-
tion path for EV drive systems. Future work will focus on inte-
grating online parameter identification and adaptive control to
enhance system adaptability.
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