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Abstract

To improve both ride comfort and energy efficiency, this study proposes a semi-active
suspension system equipped with an electromagnetic linear energy-regenerative magne-
torheological damper (ELEMRD). The ELEMRD integrates a magnetorheological damper
(MRD) with a linear generator. A neural network-based surrogate model was employed
to optimize the key parameters of the linear generator for better compatibility with semi-
active suspensions. A prototype was fabricated and tested. Experimental results show that
with an excitation current of 1.5 A, the prototype generates a peak output force of 1415 N.
Under harmonic excitation at 5 Hz, the no-load regenerative power reaches 11.1 W and
37.3 W at vibration amplitudes of 5 mm and 10 mm, respectively. An energy-regenerative
magnetorheological semi-active suspension model was developed and controlled using a
Linear Quadratic Regulator (LQR). Results indicate that, on a Class C road at 20 m/s, the
proposed system reduces sprung mass acceleration and suspension working space by 14.2%
and 7.5% compared to a passive suspension. The root mean square and peak regenerative
power reach 49.8 W and 404.2 W, respectively. The proposed semi-active suspension also
exhibits enhanced low-frequency vibration isolation, demonstrating its effectiveness in
improving ride quality while achieving energy recovery.

Keywords: magnetorheological damper (MRD); linear generator; energy-regenerative;
parameter optimization; vibration control; semi-active suspension

1. Introduction
With increasing awareness of energy efficiency and environmental protection, the au-

tomotive industry is undergoing a shift toward electrification and energy conservation [1].
This shift has promoted the development of electric drive systems and stimulated ongo-
ing innovation in various energy-saving technologies [2,3]. Notable advances have been
achieved in regenerative braking, while vibration energy recovery from suspension systems
has also emerged as an active area of research [4–6]. The suspension system, a fundamental
component of the vehicle chassis, plays a key role in buffering and attenuating body vibra-
tions induced by road irregularities. These vibrations affect not only ride comfort but can
also compromise driving safety under severe conditions. Conventional suspension systems
rely on hydraulic dampers to convert vibration energy into heat, which is subsequently
dissipated into the environment [7]. This process results in energy loss and may cause a
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decline in damping force due to fluid temperature rise. As a result, the study of vibration
suppression and energy recovery in suspension systems holds considerable research value.

Vehicle suspension systems are generally categorized as passive, semi-active, or ac-
tive. Their cost and performance increase progressively across these types, with semi-
active suspensions offering a favorable balance between the two factors [8]. Among
semi-active systems, MRDs have gained considerable attention owing to their distinctive
advantages [9–11]. These dampers exploit the characteristics of magnetorheological fluids
to adjust the damping force by modulating the magnetic field strength, enabling dynamic
control of suspension performance. They respond rapidly to changes in road conditions
and provide optimal damping across diverse operating scenarios. Integrating MRDs with
energy recovery devices presents an effective approach for both vibration suppression and
energy regeneration in suspension systems. This concept can be traced back to early re-
search on utilizing vibrational energy to power electrorheological dampers [12]. Compared
to electrorheological dampers, MRDs simply replace electric field control with magnetic
field control.

To enhance the integration of MRDs with energy recovery devices, extensive research
has been conducted, resulting in various MRD designs featuring energy regeneration ca-
pabilities. Among these, electromagnetic energy-regenerative MRDs are the most widely
adopted. This type of damper operates on the principle of electromagnetic induction,
converting suspension motion into movement that intersects magnetic field lines, thereby
transforming vibration energy into electrical energy [13]. Based on the motion character-
istics of the electromagnetic energy recovery device, these MRDs can be classified into
rotary and linear generator types [14]. The rotary type typically employs a permanent
magnet rotary generator as the energy recovery device. However, since suspension motion
is linear, this damper requires an additional mechanism to convert motion. Guan et al. real-
ized energy regeneration by combining a ball screw mechanism with a rotary permanent
magnet DC generator, using the generated electrical energy to power the MRD [15]. This
self-powered feature improved the independence and reliability of MRD operation. Dong
also utilized a ball screw and rotary generator for energy recovery but arranged the MRD
and generator in a parallel configuration [16]. Compared to the series configuration, the
parallel configuration is structurally simpler and easier to maintain, but it results in a larger
overall volume. Li et al. designed a self-powered MRD based on a double-link motion
conversion mechanism [17]. This mechanism achieves relatively high power generation
efficiency, though it occupies more space. The motion conversion mechanism increases the
overall volume and weight of the system, which is unfavorable for lightweight and compact
suspension design in passenger vehicles. It is also prone to wear, looseness, and mechanical
failure, thereby increasing maintenance difficulty and cost while reducing system stability
and reliability. In addition, mechanical conversion introduces friction, backlash, and impact
losses, and the associated large rotational inertia can lead to delayed system response.

The linear motor type typically employs high power density tubular permanent
magnet linear motors, which can also be applied to vehicle braking and gear shifting [18,19].
Although the output power of a linear generator is at least 21% lower than that of a rotary
generator of the same size, the linear generator can directly utilize the suspension’s linear
motion to achieve energy regeneration [20]. Hu et al. integrated a linear generator into the
piston head of the MRD, enabling the recovery of vibration energy during the piston head’s
linear motion [21]. This design not only realizes both damping and energy regeneration
functions, but also enables self-sensing by determining the relative position between the
piston and the outer cylinder based on the regeneration voltage. An alternative integration
approach involves placing a multi-pole linear generator on the outer surface of the MRD’s
outer cylinder [22,23]. Although coaxial and radial layouts offer high integration levels, they
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require dedicated magnetic field isolation components, which increase design complexity.
Moreover, optimizing such configurations often demands establishing global optimization
objectives, resulting in increased optimization difficulty.

Building on preliminary progress in the structural design of energy regeneration,
researchers have increasingly focused on dynamic modeling and performance analysis of
energy-regenerative magnetorheological suspension systems to promote their engineering
applications. Jian et al. developed a novel semi-active magnetorheological suspension
system integrating a parallel magnetorheological damper with a tubular linear permanent
magnet synchronous motor (TLPMSM) [24]. The study found that incorporating the
TLPMSM slightly increased the amplitudes of both the sprung and unsprung masses but
did not change the overall motion trend. This suggests that integrating energy regeneration
devices into semi-active magnetorheological suspension systems is feasible. Zhang et al.
developed an electromechanically coupled dynamic model of an energy-regenerative semi-
active magnetorheological suspension system and conducted a time-domain analysis [25].
The results showed that, under self-powered mode, the velocity amplitude with semi-
active control was significantly lower than that with passive control, demonstrating the
effectiveness of the self-powered semi-active MR suspension. A trade-off exists between
suspension vibration isolation performance and vibration energy harvesting capability.
Gao et al. applied an adaptive optimal fault-tolerant control algorithm that improved both
vibration isolation and energy harvesting performance, thus partially mitigating the conflict
between the two [26]. In addition to achieving adjustable damping force under self-powered
mode, Zhu et al. also realized variable stiffness in this mode [27,28]. This advancement
significantly enhanced vibration isolation performance while reducing system complexity.
These studies collectively demonstrate that integrating energy regeneration devices into
semi-active magnetorheological suspension systems is both feasible and effective.

Based on the above discussion, developing a semi-active magnetorheological suspen-
sion system that integrates vibration suppression and energy regeneration holds significant
research value. This system combines semi-active magnetorheological control with an
energy recovery mechanism, improving vehicle dynamic performance and energy utiliza-
tion efficiency. It also shows promising application potential. Therefore, a compact and
structurally simple ELEMRD is designed in this study. Axially integrating the single-phase
permanent magnet linear generator based on a Halbach array with the MRD eliminates
the need for motion conversion mechanisms, thereby reducing structural complexity. This
approach enables compact packaging while facilitating subsequent maintenance. Moreover,
the coaxial configuration helps reduce magnetic field interference. Compared to other
integration methods, this scheme achieves a balance among structural simplicity, packag-
ing compactness, and energy conversion efficiency. A neural network surrogate model
was employed to optimize the structural parameters of the energy regeneration device,
enhancing its compatibility with the suspension system. A prototype of the ELEMRD was
fabricated and subjected to experimental testing. Based on this, a novel electromagnetic
linear semi-active magnetorheological suspension system is proposed, and its vibration
control and energy regeneration performance under LQR control are analyzed.

The organization of this paper is as follows: Section 2 presents the structure and
working principle of the newly designed ELEMRD. Section 3 employs a neural network
surrogate model to optimize the key parameters of the energy-regenerative device, followed
by the fabrication and experimental testing of the ELEMRD prototype. Section 4 establishes
the model of the electromagnetic linear energy-regenerative magnetorheological semi-
active suspension system. Section 5 presents a simulation-based comparative analysis of
the vibration attenuation and energy regeneration performance of the proposed system
under LQR and PID control. Finally, Section 6 draws the conclusions.
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2. Structure of ELEMRD
Figure 1 presents the structural diagram of the newly designed ELEMRD, which

mainly consists of two components: an MRD and a linear generator. The MRD adopts a
conventional double-rod piston configuration. The linear generator is a cylindrical, single-
phase permanent magnet type. Its primary part (stator) mainly comprises coil windings,
motor housing, and end caps, whereas the secondary part (mover) consists of permanent
magnets and their support structure. The support structure of the permanent magnets
shares a common shaft with the lower piston rod of the MRD, ensuring that the mover of
the generator moves synchronously with the piston of the MRD.

The design of the ELEMRD encompasses the following aspects:

• The MRD and the linear generator are integrated in a coaxial, axially aligned configu-
ration, allowing for a compact design without requiring complex magnetic shielding.

• The linear generator employs a long-primary, short-secondary topology, enhancing
the utilization efficiency of the permanent magnets.

• The permanent magnets in the linear generator are arranged in a Halbach array, which
provides a higher air-gap flux density, thereby improving the power density of the
energy regeneration device. The support structure of the permanent magnets is made
of aluminum, effectively reducing the inertial mass.

Top mounting ring

Linear generator Magnetorheological damper

Bottom mounting ring

Figure 1. Structural diagram of ELEMRD.

The working principle of the ELEMRD is as follows. The top mounting ring of the
ELEMRD is connected to the vehicle body, while the bottom mounting ring is attached to
the wheel. When the vehicle travels over an uneven road surface, relative motion occurs
between the vehicle body and the wheel. According to Faraday’s law of electromagnetic
induction, this relative motion induces a voltage in the secondary coil of the linear generator.
After passing through the rectifier and energy recovery circuits, the electrical energy is
stored in a supercapacitor, which can be used to power the magnetorheological damper or
auxiliary vehicle systems, such as lighting and control systems. Meanwhile, the suspension
controller processes signals from various vehicle sensors and regulates the output of the
stored energy from the supercapacitor to the excitation coil of the magnetorheological
damper, thereby generating the required damping force. Figure 2 illustrates the power
supply process from the linear generator to the MRD. In accordance with Lenz’s law, the
power generation of the linear generator simultaneously produces an electromagnetic
damping force, which serves as an effective supplemental damping mechanism.

Road
Excitation

Body Wheel
Motion

Linear
Generator

Rectifier

SupercapacitorSensors Controller

DC/DC
Converter

MRD

Figure 2. Power supply process from the linear generator to the MRD.
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3. Parameter Optimization of ELEMRD
To enhance compatibility with the suspension system, this paper proposes an op-

timized design of the linear generator. Figure 3 illustrates the optimization workflow.
The fundamental steps of this process are as follows. First, a specified number of sample
parameters are uniformly generated within the optimization space. Second, these sample
parameters are substituted into the finite element model to obtain simulation results. Third,
a neural network surrogate model is constructed using the sample parameters and simula-
tion results. Fourth, the accuracy of the surrogate model is assessed; if the fitting accuracy
is insufficient, the sample size is increased. Finally, the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) [29] is employed to optimize the surrogate model. Compared to
simplified analytical methods, finite element optimization can more accurately simulate the
complex magnetic field distribution inside the generator, thereby improving optimization
accuracy. Compared to direct iterative optimization using transient finite element models,
surrogate models significantly reduce the optimization time while maintaining accuracy.

Start

Optimal Latin Hypercube Design

JMAG Simulation

Neural Network Surrogate Model Setup

Accuracy Requirement Met?

Increase Sample Size

Neural Network Surrogate Model Output

Optimization with NSGA II

End

Yes

No

Figure 3. Linear generator optimization flowchart.

3.1. Mathematical Model of Optimization

The optimization formulation consists of three fundamental elements: optimization
parameters, the objective function, and constraint conditions. The optimal parameter
configuration is obtained by solving this constrained optimization problem.

(1) Objective Function: Enhancing energy recovery efficiency is a key goal in designing
energy-regenerative suspension systems. The regenerative power output of the linear
generator directly indicates the suspension system’s energy recovery capability. Therefore,
maximizing the root mean square (RMS) of the no-load regenerative power Pno−load is
selected as one of the optimization objectives. The cogging force of the linear generator
varies periodically with the relative position between the mover and stator, representing
an uncontrollable force. At times, the mover must overcome this force to operate prop-
erly, leading to unnecessary energy losses. If the cogging force is too large or fluctuates
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sharply, the suspension may fail to respond sensitively to small vibrations. Optimizing the
cogging force helps reduce additional energy consumption, enhance power generation effi-
ciency, and ensure better controllability of the suspension’s dynamic response. Therefore,
minimizing the peak cogging force Fc is chosen as another optimization objective.

(2) Optimization Parameters: The operating principle of the linear generator is based
on Faraday’s law of electromagnetic induction. The magnetic field strength produced by
the permanent magnet directly determines the generator’s power generation capability.
The cogging force is a periodic force resulting from the interaction between the permanent
magnet and the stator slots. When the slot-pole combination is fixed, the cogging force
magnitude mainly depends on the permanent magnet’s size. Figure 4 illustrates the
schematic diagram of the linear generator’s structural dimensions, while Table 1 lists the
corresponding dimensional parameters. The permanent magnet thickness hm, the length of
the axially magnetized permanent magnet τmz, and the length of the radially magnetized
permanent magnet τmr are selected as optimization parameters. Table 2 presents the
optimization parameters and their value ranges.

g

mz
r

hm

ts

t

ls

lm

pmr

Z

R

Figure 4. Schematic diagram of the linear generator’s structural dimensions.

Table 1. Dimensional parameters of the linear generator.

Parameter Value (mm)

Mover length lm 148

Permanent magnet support structure radius r 10

Permanent magnet pole pitch τp 37

Permanent magnet thickness hm 7.5

Length of the axially magnetized permanent magnet τmz 23

Length of the radially magnetized permanent magnet τmr 14

Air gap width g 1.5

Slot width τt 20.7

Slot depth t 10.5

Slot pitch τs 33.3

Stator length ls 233.1

Table 2. Optimization parameters and their ranges.

Parameter Range Unit

hm [5, 9] mm
τmz [13, 25] mm
τmr [13, 25] mm
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(3) Constraints: Considering that the designed suspension stroke is ±40 mm, the stroke
S of the linear generator’s mover should not be less than 80 mm. The permanent magnet
pole pitch is τp = τmz + τmr. The ratio between the slot pitch τs and the permanent magnet
pole pitch τp is 9:10. The permanent magnet array of the linear generator consists of four
poles, and there are seven slots. Therefore, the stroke of the mover S is:

S = 7 · τs − 4 · τp = 2.3 · (τmz + τmr) (1)

The mathematical model for optimizing the linear generator can be formulated as
follows: 

f (x) = {max Pno−load(x), min Fc(x)}

s.t.

S(x) ≥ 80

x = {hm, τmz, τmr}
(2)

3.2. Construction of Neural Network Surrogate Model

To reduce optimization time and enhance computational efficiency, this study develops
a neural network surrogate model to approximate the relationship between the optimization
parameters and the objective functions of the linear electromagnetic generator. The NSGA-
II algorithm is then applied to perform the optimization.The neural network model learns
from input data and effectively approximates the nonlinear functional relationship between
input variables and output responses. It consists of adjustable weights and biases that
represent the connection strengths between neurons during training. The output of the
neural network model can be expressed as:

Y = f (WX + B) (3)

where Y is the output vector, X is the input vector, W is the weight matrix, B is the bias
vector, and f (·) is the activation function that introduces the nonlinear transformation.

A neural network typically consists of an input layer, one or more hidden layers,
and an output layer. For the optimization model of the linear generator, the input layer
is defined by the permanent magnet thickness hm, the length of the axially magnetized
permanent magnet τmz, and the length of the radially magnetized permanent magnet τmr.
The output layer corresponds to the no-load regenerative power Pno−load and the peak
cogging force Fc. Because the number of inputs and outputs in the neural network model is
relatively small, there is only one hidden layer, which consists of 14 neurons. The activation
function used in the hidden layer is the tansig function, while the output layer employs the
purelin function. The structure of the neural network for the linear generator is illustrated
in Figure 5.

h

P

F

Inout Lyer Hidden Lyer Output Lyer

Figure 5. The structure of the neural network.

Constructing a neural network surrogate model requires an initial dataset. One main
source of inaccuracy in surrogate modeling is the insufficient number and non-uniform
distribution of sample points in this dataset. In this study, the Optimal Latin Hypercube
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Design (OLHD) is used to generate the initial dataset. OLHD improves the uniformity
of sample distribution in high-dimensional space through algorithmic optimization [30].
This method ensures a more uniform spatial distribution of sample points, even with a
relatively small sample size.

The procedure for establishing the neural network surrogate model is as follows:
In total, 120 and 30 sets of sample parameters are generated within the optimization
parameter space using the OLHD method, serving as the training and test sets, respectively.
These 150 sample sets are then input into the JMAG finite element simulation model to
obtain corresponding actual values, with the mover velocity fixed at 0.4 m/s. Finally, the
neural network surrogate model is constructed using the 120 training samples and their
corresponding simulation results.

3.3. Accuracy of Neural Network Surrogate Model

If the surrogate model achieves higher fitting accuracy, the prediction error can be
reduced accordingly, thereby improving the accuracy of the subsequent optimization results
based on the model. Therefore, evaluating the fitting performance of the neural network
surrogate model is essential. In this study, the fitting accuracy of the surrogate model is
evaluated using the coefficient of determination (R2) in combination with the root mean
square error (RMSE). The expressions for these two metrics are given as follows:

R2 = 1 − ∑n
i=1(yi − ỹi)

2

∑n
i=1(yi − yi)

2 (4)

RMSE =

√
1
n

n

∑
i=1

(yi − ỹi)2 (5)

where yi is the actual value of the i-th sample point, ŷi is the predicted value of the i-th
sample point obtained from the surrogate model, and y is the mean of the actual sample
values.

The coefficient of determination R2 ranges from 0 to 1, with values closer to 1 indicating
higher fitting accuracy of the surrogate model [31]. The root mean square error (RMSE)
measures the average deviation between the predicted and actual values. The R2 and RMSE
are calculated using the actual and predicted values from the neural network surrogate
model for the 30 sample points in the test set, as shown in Table 3.

Table 3. Fitting metrics of the neural network surrogate model.

Optimization Objective R2 RMSE

Pno−load 0.999 0.174
Fc 0.999 0.310

As shown in Table 2, the R2 values of the neural network surrogate model are very
close to 1, and the RMSE values are extremely small, indicating high fitting accuracy. To
further validate the fitting accuracy of the neural network model, the actual and predicted
values for the 30 sample points in the test set were compared, as shown in Figure 6. In this
figure, a black line passing through the origin at a 45-degree angle represents points where
the predicted values equal the actual values. The sample points for both the cogging force
and no-load regenerative power are closely distributed around this line. This demonstrates
that the prediction errors between the neural network surrogate model and the finite
element simulation results are minimal. Therefore, the neural network surrogate model
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developed in this study is employed to replace the finite element simulation model for key
parameter optimization of the linear generator.
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Figure 6. Comparison between actual and predicted values in the test set. (a) No-load regenerative
power. (b) Peak cogging force.

3.4. Optimization Results

The NSGA-II algorithm was employed to optimize the neural network surrogate
model, and the Pareto front for Pno−load and Fc is shown in Figure 7.

0 5 10 15 20 25 30 35 40 45 50
0

20
40
60
80

100
120
140

P n
o-
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ad

(W
)

Fc(N)

P1

P2

P3

Figure 7. Pareto front of linear generator optimization.

As shown in Figure 7, there is a trade-off between increasing Pno−load and reducing Fc.
The Pareto front reveals two extreme cases, where either both Pno−load and Fc reach their
maximum values, or both reach their minimum values, represented by points P1 and P2

on the Pareto front. The optimization results for these two extremes are summarized in
Table 4.

Table 4. Optimized extreme solution.

Type Pno−load(W) Fc(N) hm(mm) τmr(mm) τmz(mm)

P1 116.2 45.8 9.0 14.6 20.2
P2 24.9 8.7 5.0 25.0 15.9

From Table 4, it is evident that through optimization, the maximum Pno−load reaches
116.2 W; however, at this point, the Fc is 45.8 N, which is unfavorable for the stable operation
of the suspension. The minimum Fc is 8.7 N, but this results in a reduced Pno−load of only
24.9 W, indicating low energy conversion efficiency.

Furthermore, as shown in Figure 7, it is evident that along the Pareto front, as Fc

increases, the growth rate of Pno−load initially accelerates before gradually slowing down.
The point P3 on the Pareto front represents the inflection point of this growth rate. Therefore,
the parameters corresponding to P3 are chosen as the final optimization parameters, as they
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strike a balance between a relatively high Pno−load and a relatively low Fc. A comparison
between the optimized and initial designs is shown in Table 5. Following optimization, the
no-load regenerative power Pno−load of the linear generator increased by 14.2%, while the
peak positioning force Fc decreased by 49.7%. The optimized parameters were incorporated
into the finite element model for simulation. Figure 8 compares the initial and optimized
designs in terms of no-load regenerative power and cogging force.

Table 5. Optimized extreme solution.

Type Pno−load(W) Fc(N) hm(mm) τmr(mm) τmz(mm)

Inital 84.6 37.1 7.5 14 23
Optimized 96.6 18.6 9.0 22.2 13
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Figure 8. Comparison of the linear generator before and after optimization. (a) No-load regenerative
power. (b) Cogging force.

3.5. Bench Test of ELEMRD

To investigate the damping and power generation performance of the designed EL-
EMRD, a prototype was fabricated, as shown in Figure 9. The test setup for the ELEMRD
bench experiment is presented in Figure 10. It mainly consists of a vibration exciter, the
ELEMRD prototype, a controller, a power supply, a driver, a digital oscilloscope, and a
force sensor. One end of the ELEMRD is connected to the test stand beam, while the other
end is attached to the vibration exciter. The designed prototype has a diameter of 80 mm
and an axial length of 421 mm, making it suitable for installation within the packaging
constraints of a typical passenger vehicle suspension system. The excitation coil of the
prototype has a resistance of approximately 1.5 Ω and a maximum operating current of
1.5 A, resulting in a maximum power consumption of 3.4 W. The low power consumption
makes it well-suited for use in suspension applications.

Figure 9. Prototype of ELEMRD.
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ELEMRD

Force sensor

Vibration
exciter

Digital
oscilloscope

Controller

Power

Driver

Computer

Figure 10. Bench test of ELEMRD.

According to the Chinese automotive industry standard QC/T 491-2018 [32], the
damping performance of the ELEMRD prototype was tested using a harmonic excitation
with an amplitude of 10 mm and a frequency of 8.3 Hz. The excitation current of the MRD
was set to 0 A, 0.5 A, 1A, and 1.5 A using the controller. The corresponding damping
forces under different current levels are shown in Figure 11. When the input current is
0 A, the maximum damping force output by the MRD is 81 N. Neglecting friction, the
viscous damping coefficient of the MRD is approximately 156 N/(m/s). When the input
currents are 0.5 A, 1 A, and 1.5 A, the maximum output forces are 249 N, 784 N, and 1415 N,
respectively. As the excitation current increases, the output force of the MRD also increases.
Figure 12 compares the simulated and experimental values of the maximum output force at
different current levels. Discrepancies exist between the simulated and experimental results,
with errors of 12.5%, 11.6%, 3.2%, and 6.1%, respectively. These discrepancies are relatively
complex and mainly arise from four sources: (1) limitations in magnetic field simulation
accuracy and the applicability of the Bingham constitutive model; (2) zero-field viscosity
deviation and particle sedimentation effects inherent in the magnetorheological fluid; (3) the
influence of the nonlinear characteristics of magnetic materials on the actual magnetic flux
distribution; (4) structural deviations introduced during the manufacturing and assembly
processes. To address these issues, the design process will be further optimized in future
work to improve modeling accuracy and enhance the overall reliability of the design.
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Figure 11. Force–displacement curves under different excitation currents.
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Figure 12. Maximum output force under different excitation currents.

To analyze the energy regeneration performance of the ELEMRD prototype, harmonic
excitations with amplitudes of 5 mm and 10 mm and a frequency of 5 Hz were applied.
A digital oscilloscope was used to record and store the generated instantaneous voltage
signals. The voltage waveforms under the two amplitude conditions are shown in Figure 13.
As shown in Figure 13, at the same frequency, increasing the vibration amplitude leads
to a higher induced voltage in the ELEMRD. When the vibration amplitude is 5 mm, the
RMS value of the induced voltage is 11.3 V. Given that the measured coil resistance is
approximately 11.5 Ω, the corresponding energy regeneration power of the ELEMRD is
11.1 W. When the vibration amplitude increases to 10 mm, the RMS voltage rises to 20.7 V,
resulting in an energy regeneration power of 37.3 W.
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Figure 13. Instantaneous voltage waveforms under 5 mm and 10 mm amplitudes.

4. Energy-Regenerative Magnetorheological Semi-Active Suspension
System Modeling
4.1. Dynamic Model of ELEMRD

When the linear generator unit in the ELEMRD forms a closed circuit with an exter-
nal load, an induced current is generated in the regenerative coil. This current enables
energy transfer to the external circuit and produces an electromagnetic damping force.
Consequently, the total output force of the ELEMRD comprises two components: the damp-
ing force from the MRD and the electromagnetic force from the linear generator. These
components must be calculated separately before being combined.

The output force of an MRD can be described by various models [33]. Among them,
the Bingham model is widely adopted because of its simple structure and clear physical
interpretation. However, this model exhibits certain limitations in the roll-off characteristics
at low speeds and the nonlinear hysteresis behavior. Although not highly accurate, the
model features a small number of parameters, ease of computation, and controllability,
making it a balanced compromise between accuracy and efficiency. Therefore, it was
selected for the analysis. More complex constitutive models, such as the Bouc–Wen or
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Spencer models, will be employed in future studies. According to the Bingham model, the
output force of an MRD is expressed as [21]:

Fd =

[
D +

3(D2 − d2)2

4Dh2

]
πLη

h
v +

[
D +

3(D2 − d2)

4h

]
πLτy sgn(v) (6)

where D is the piston diameter, d is the piston rod diameter, h is the damping channel
width, L is the damping channel length, v is the suspension relative velocity, η is the
apparent viscosity coefficient of the magnetorheological fluid, τy is the shear stress of the
magnetorheological fluid, and sgn(·) is the Heaviside step function.

As shown in Equation (5), the output force of the MRD is divided into two components:

F0 = C0v (7)

Fa = C1 sgn(v) (8)

where F0 is the non-adjustable damping force, C0 is the viscous damping coefficient, with

C0 =
[

D + 3(D2−d2)2

4Dh2

]
πLη

h , Fa is the adjustable damping force, with C1 =
[

D + 3(D2−d2)
4h

]
πLτy.

When the linear generator coil in the ELEMRD forms a closed circuit with the external
load, the induced current in the linear generator coil is expressed as:

I =
kev

Ra + R0
(9)

where ke is the back electromotive force (EMF) coefficient of the linear generator, R0 is the
internal resistance of the linear generator, and Ra is the external load resistance.

The electromagnetic damping force generated by the linear generator is expressed as:

Fe = kf I (10)

where kf is the electromagnetic force coefficient of the linear generator.
By combining Equations (8) and (9), the following expression can be obtained:

Fe =
kekf

Ra + R0
v (11)

To simplify the analysis, the armature reaction is temporarily neglected. Consequently,
the no-load back electromotive force constant and the electromagnetic force coefficient are
assumed to be numerically equal, with the no-load back electromotive force coefficient
used for calculation. The back electromotive force coefficient of the linear generator is not
constant; it depends on the suspension working space. The relationship between them is
illustrated in Figure 14.
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Figure 14. Back electromotive force coefficient of the linear generator.



World Electr. Veh. J. 2025, 16, 455 14 of 28

The linear generator also exhibits cogging force; therefore, the output force of the
linear generator is expressed as:

Fm = Fe + Fc (12)

where Fc is the cogging force.
The total output force of the ELEMRD is expressed as:

F = Fd + Fm (13)

4.2. Dynamic Model of Semi-Active Suspension System

This study is based on a two-degree-of-freedom 1/4 energy-regenerative magnetorhe-
ological semi-active suspension system model, as illustrated in Figure 15, where ms is the
sprung mass, mt is the unsprung mass, Ks is the suspension stiffness, Kt is the tire stiffness,
xs is the absolute displacement of the sprung mass, xt is the absolute displacement of the
unsprung mass, and xr is the road excitation.

M

Equivalent
circuit

xs

xt

xr

Ks Fm

R0

E

Ra

Kt

ms

mt

C0 Fa

Figure 15. Two-degree-of-freedom 1/4 energy-regenerative magnetorheological semi-active suspen-
sion system model.

According to Newton’s second law, the equations of motion for the energy-regenerative
magnetorheological semi-active suspension system are expressed as:ms ẍs = −Ks(xs − xt) + F

mt ẍt = Ks(xs − xt)− Kt(xt − xr)− F
(14)

where F is the total output force of ELEMRD.

Select state vectors X =
[

ẋs, ẋt, xs − xt, xt − xr

]T
, output vectors Y =

[
ẍs, xs − xt, xt − xr

]T
,

corresponding input vectors U =
[

F
]

and w =
[

ẋr

]
. The three outputs of the suspension

system are defined as follows: (1) sprung mass acceleration (SMA); (2) suspension working
space (SWS); (3) dynamic tire deflection (DTD).

Equation (13) can be transformed into the state-space form as follows:Ẋ = AX + BU + Gw

Y = CX + DU
(15)



World Electr. Veh. J. 2025, 16, 455 15 of 28

where

A =



0 0 − Ks
ms

0

0 0 Ks
mt

− Kt
mt

1 −1 0 0

0 1 0 0


, B =



1
ms

− 1
mt

0
0


, G =


0
0
0
−1

,

C =


0 0 − Ks

ms
0

0 0 1 0

0 0 0 1

, D =


1

ms

0

0

.

(16)

4.3. Road Modeling

The road input model is a key parameter for the energy-regenerative magnetorheolog-
ical semi-active suspension system. According to ISO-8608 [34], the power spectral density
(PSD) expression of road roughness is given by:

Gq(n) = Gq(n0)

(
n
n0

)−W
(17)

where Gq(n0) is the road roughness coefficient (m3), n is the spatial frequency (m−1), n0

is the reference spatial frequency (n0 = 0.1 m−1), and W is the frequency index, which
determines the frequency structure of the PSD of the road displacement. Road roughness is
classified into 8 levels from A to H [35], as shown in Table 6.

Table 6. Road roughness coefficients for different road level.

Road level A B C D E F G H

Gq(n0)(10−6m3) 16 64 256 1024 4096 16,384 65,536 262,144

The temporal PSD of road roughness is determined by the spatial PSD and the vehicle
speed. When the vehicle travels at a speed u, the temporal frequency f of the road input is
the product of u and n:

f = un (18)

Therefore, the temporal PSD can be expressed as:

Gq( f ) = Gq(n0)n2
0

u
f

(19)

The PSD of the vertical velocity of road roughness in the frequency domain is given
by:

Gq̇( f ) = 4π2Gq(n0)n2
0u (20)

From Equation (20), it can be observed that the PSD of the vertical velocity of the road
roughness is constant across the entire frequency range and is independent of frequency.
Its characteristics are consistent with those of a white noise power spectrum. The filtered
white noise method can accurately reflect the real conditions of a random road roughness.
This method models the road excitation of a quarter vehicle using the first-order linear
system response to unit white noise excitation. Since the road spectrum is approximately
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flat in the low-frequency range, a low-cutoff frequency f0 can be introduced into the road
roughness model, and the time PSD can be expressed as:

Gq( f ) = Gq(n0)n2
0

u

( f + f0)
2 (21)

where f0 is cut-off frequency in the time domain.
The frequency-domain response function can be expressed as:

H(jω) =
2πn0

√
Gq(n0)u

jω + ω0
(22)

The time-domain model for the filtered white noise road roughness is expressed as
follows [36]:

ẋr(t) = −2πn1uxr(t) + 2πn0

√
Gq(n0)uω(t) (23)

where n1 is the lower cutoff spatial frequency of the road roughness, with n1 = 0.01 m−1.
In this study, a Class C road and a vehicle speed of 20 m/s were selected as the road

model. The road simulation results obtained in MATLAB R2018b are shown in Figure 16.
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Figure 16. Time-domain simulation result of the road.

4.4. Performance Evaluation Method for Suspension Systems

In the performance evaluation of suspension systems, the most commonly used
indicators are sprung mass acceleration, dynamic tire load (DTL), and suspension working
space. The dynamic tire load is defined as the product of dynamic tire deformation and tire
stiffness. For suspension systems with energy-regenerative capability, regenerative power
(RP) is also a key evaluation metric. The RMS values of these indicators are typically used
to assess the overall suspension performance. The RMS values of sprung mass acceleration,
dynamic tire load, suspension working space, and regenerative power are denoted as σSMA,
σDTL, σSWS, and σRP, respectively, and can be expressed as:

σSMA =

√
1
t0

∫ t0

0
ẍ2

s dt (24)

σDTL = Kt

√
1
t0

∫ t0

0
(xt − xr)

2dt (25)

σSWS =

√
1
t0

∫ t0

0
(xs − xt)

2dt (26)

σRP =

√√√√ 1
t0

∫ t0

0

(
(ke(ẋs − ẋt))

2

Ra + R0

)2

dt (27)
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5. Simulation Analysis of Energy-Regenerative Magnetorheological
Semi-Active Suspension Performance Based on LQR Algorithm
5.1. Design of LQR Controller

The LQR algorithm is widely used in controlling semi-active and active suspension
systems [37,38]. By applying full-state feedback, the optimal control input is determined
based on the weighted contributions of various states. The objective of the LQR algorithm is
to minimize the cumulative effect of state errors over the entire operational period, thereby
optimizing the system’s overall dynamic performance. The specific derivation is as follows:

If the actual state is Y(t) and the desired state is Y∗(t), then the state error can be
expressed as:

e(t) = Y(t)− Y∗(t) (28)

The cost function can be expressed as:

J =
∫ ∞

0
e2(t)dt =

∫ ∞

0
(Y(t)− Y∗(t))2dt (29)

When the system is in equilibrium, let Y∗(t) = 0. Under this condition, the cost
function simplifies to:

J =
∫ ∞

0
Y2(t)dt (30)

When multiple state variables are involved, the cost function is given by:

J =
∫ ∞

0

[
Y2

1 (t) + Y2
2 (t) + ... + Y2

n(t)
]
dt (31)

By assigning different weights to each state variable, the cost function can be expressed
as:

J =
∫ ∞

0

[
q2

1Y2
1 (t) + q2

2Y2
2 (t) + ... + q2

nY2
n(t)

]
dt (32)

Equation (32) can be rewritten in the following matrix form:

J =
∫ ∞

0

[
YT
(

qTq
)

Y
]
dt (33)

Let qTq = Q0. Then, the cost function can be expressed as:

J =
∫ ∞

0

[
YT(Q0)Y

]
dt (34)

By substituting the expression Y = CX + DU from Equation (15) into Equation (34),
the cost function can be reformulated as:

J =
∫ ∞

0

[
XTQX + UTRU + 2XTNU

]
dt (35)

where Q = CTQ0C, R = DTQ0D, N = CTQ0D.
The optimal control gain matrix K can be expressed as [39]:

U = −KX = −R−1
(

BTP + NT
)

X (36)

where K is the optimal state feedback gain matrix and P is the solution to the following
Riccati equation:

PA + ATP − (PB + N)R−1
(

BTP + NT
)
+ Q = 0 (37)
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In this study, the objective performance index is defined as the time-domain integral
of the weighted sum of the squares of sprung mass acceleration, dynamic tire load, and
suspension deflection. Since the dynamic tire load equals the product of tire stiffness and
dynamic tire deformation, the dynamic tire deformation is used instead of dynamic tire
load in the cost function calculation. The cost function can be expressed as:

J =
∫ ∞

0

[
YT(Q0)Y

]
=
∫ ∞

0

[
q1 ẍ2

s + q2(xs − xt)
2 + q3(xt − xr)

2
]
dt (38)

where

Q0 =

q1 0 0
0 q2 0
0 0 q3

 (39)

q1, q2, and q3 are the weighting coefficients for sprung mass acceleration, dynamic tire
deflection, and suspension working space, respectively.

Figure 17 illustrates the control structure of the energy-regenerative magnetorheolog-
ical semi-active suspension based on the LQR controller. In Figure 17, Fideal represents
the ideal output force of the ELEMRD as calculated by the LQR controller, while Factual

represents the actual output force of the ELEMRD.

Suspension
model
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Dynamic model of ELEMRD

Y
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r
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s
x

t r
x x

s t
x x

s t
x x
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x x
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t
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Figure 17. LQR control structure diagram of the suspension.

Based on the dynamic model of the ELEMRD, the output force of the ELEMRD can be
expressed as:

F = F0 + Fa + Fe + Fc = −C0(ẋs − ẋt) + Fa −
k2

e
Ra + R0

(ẋs − ẋt) + Fc (40)

Therefore, to achieve the ideal control force Fideal, it can only be realized by adjusting
the adjustable damping force Faideal. The ideal adjustable damping force Faideal output of
ELEMRD is:

Faideal = Fideal − F0 − Fe − Fc (41)

Since the MRD can only provide resistance, the ideal control force cannot be directly
applied to the suspension model. Instead, the direction of the ideal adjustable damping
force and the relative velocity between the piston and cylinder must be determined first.
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If their directions align, the actual adjustable damping force is immediately set to zero.
Therefore, the expression for the actual output force of the ELEMRD is:

Factual =

F0 + Fe + Fc if Faideal(ẋs − ẋt) ≥ 0

Fideal if Faideal(ẋs − ẋt) < 0
(42)

The key to the LQR algorithm lies in the design of the weighting matrices Q. However,
no fixed rule or empirical guideline generally exists for their selection. Designers often rely
on trial-and-error methods to determine appropriate values, which are typically inefficient
and may not produce optimal results. Therefore, this study employs the NSGA-II algorithm
to optimize the LQR weighting coefficients by leveraging its global search capability.
The optimization process is illustrated in Figure 18. The optimization of LQR controller
parameters is an offline process. During actual operation, only simple matrix multiplication
operations need to be performed, and the processor resource requirements are relatively
low, making it highly suitable for real-time control of suspension systems. For different
operating conditions, multiple sets of LQR controller parameters can be pre-optimized
offline, and then switched or interpolated among these parameters in real time based on
the system status.

Start

Population Initialization

Genetic Operations

Solve for K

Solve for Fideal of ELEMRD

Solve for Factual of ELEMRD

Suspension model

Suspension Performance
Evaluation Indicators

Max Generations

Reached

End

No

Yes

q q q

Figure 18. LQR weighting coefficients optimization flowchart.

Before optimizing the weighting coefficients with the NSGA-II algorithm, the objective
function and constraints must be defined. To maximize vehicle ride comfort and handling
stability, sprung mass acceleration and tire dynamic load are selected as the primary opti-
mization objectives, while suspension working space is set as a constraint. This constraint
prevents excessively small suspension working space, which leads to very low regenerative
power and is detrimental to vibration energy recovery. The mathematical expression of the
optimization function is as follows:

f (x) = min{σBA(x), σDTL(x)}

s.t.


σBA(x) ≤ σBApassive

σDTL(x) ≤ (ms + mt)g/3

| xs − xt |max≤ 0.04

x = [q1, q2, q3]

(43)



World Electr. Veh. J. 2025, 16, 455 20 of 28

where σBA(x) ≤ σBApassive indicates that the RMS value of the sprung mass acceleration for
the semi-active suspension is lower than that of the passive suspension, in order to ensure
ride comfort. σDTL(x) ≤ (ms + mt)g/3 ensures that the RMS value of the tire dynamic load
for the semi-active suspension does not exceed one-third of the static tire load, in order
to maintain driving safety [40]. | xs − xt |max represents the maximum amplitude of the
suspension working space, which should not exceed the suspension’s limit travel of 0.04 m
to prevent the suspension from hitting the limit block.

5.2. Suspension Performance Simulation Analysis

Table 7 presents the 1/4 vehicle parameters used in the suspension performance
simulation conducted in MATLAB. To facilitate the analysis of the performance of the
energy-regenerative magnetorheological semi-active suspension, the performance of the
passive suspension is used as a reference in this study. The numerical values of the
simulation parameters ms, mt, and Ks for the passive suspension system are identical
to those of the semi-active suspension system. The damping coefficient of the passive
suspension is set to 1500 N/(m/s). The damping coefficient of 1500 N/(m/s) (damping
ratio ζ ≈ 0.287) was selected based on the typical sprung mass (360 kg) and spring stiffness
(19,000 N/m) of passenger car suspensions. This value falls within the comfort-oriented
damping ratio range of 0.2 to 0.4 and aligns with parameters of similar passive suspensions,
ensuring the validity of the comparative results.

Table 7. Suspension simulation parameters for the 1/4 vehicle model.

Parameter Value Unit

ms 360 kg
mt 40 kg
Ks 19,000 N/m
Kt 200,000 N/m
C0 156 N·s/m
R0 11.5 Ω
Ra 11.5 Ω

Figure 19 illustrates the Pareto optimal front of the objective functions obtained from
the LQR weighting coefficient optimization for the energy-regenerative magnetorheological
semi-active suspension system, under Class C road conditions and a vehicle speed of
20 m/s. As shown in Figure 19, the two objectives are conflicting and have inconsistent
dimensions.
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Figure 19. Pareto front of LQR controller weighting coefficient optimization.

To identify the most suitable solution from the Pareto front, the performance improve-
ment rate of each candidate solution relative to the baseline passive suspension is calculated.
A weighted sum method is used for comprehensive evaluation and decision-making. A
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dominant weight of 0.65 is assigned to the comfort metric, while a secondary weight of 0.35
is given to the handling metric, forming a comprehensive scoring function. The parame-
ter set with the highest comprehensive score is ultimately selected as the optimal design
solution. The specific calculation formula is as follows:

ψi = 0.65 ·
BApassive − BAi

BApassive
+ 0.35 ·

DTLpassive − DTLi

DTLpassive
(44)

where Si is the comprehensive performance score of the i-th Pareto solution, BAi is the
body acceleration of the i-th solution, BApassive is the body acceleration of the baseline
passive suspension, DTLi is the dynamic tire load of the i-th solution, and DTLpassive is the
dynamic tire load of the baseline passive suspension.

Figure 20 illustrates the comprehensive scores of different solution sets on the Pareto
front. Among them, point P has the highest comprehensive score, and thus its correspond-
ing parameters are identified as the final optimized solution. The parameter set at point
P emphasizes ride comfort while also maintaining handling stability, demonstrating a
well-balanced trade-off between the two objectives. The three weighting coefficients of the
LQR controller are q1 = 3.157 × 106, q2 = 2.931 × 107, and q3 = 1.118 × 1011.
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DTL
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Figure 20. Pareto front of LQR controller weighting coefficient optimization.

The optimized LQR weighting coefficients were incorporated into the controller,
and time-domain simulations were performed in MATLAB. A comparative analysis was
conducted between the above simulation results and those of the passive suspension and
the semi-active suspension controlled by the PID algorithm, as shown in Figure 21. The
corresponding RMS values of the suspension performance metrics are provided in Table 8.

As shown in Figure 21 and Table 8, compared to the passive suspension, both LQR and
PID control improve suspension performance. In terms of sprung mass acceleration, the
PID and LQR controllers reduce the value by approximately 29.9% and 14.2%, respectively,
thereby enhancing ride comfort. Regarding suspension working space, the PID and LQR
controllers reduce it by about 7.5% and 2.8%, respectively, contributing to helping to
limit suspension stroke and improved structural reliability. However, the PID controller
increases the dynamic tire load by approximately 41.0%, which adversely affects handling
stability, whereas LQR leads to a more moderate increase of around 11.2%, achieving a
better trade-off between comfort and handling. Although the comprehensive scores of the
two control strategies differ only slightly, the LQR controller demonstrates a more balanced
performance across all evaluation metrics. Therefore, it is more suitable for applications
that demand both high ride comfort and driving stability.
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Figure 21. Comparison of time-domain simulation results between energy-regenerative magnetorhe-
ological semi-active and passive suspensions. (a) Sprung mass acceleration. (b) Dynamic tire load.
(c) Suspension working space.

Table 8. Comparison of RMS values of suspension performance metrics.

Type σSMA (m/s2) σDTL (N) σSWS (m) ψ

Passive suspension 1.1778 770.6 0.0107 -
LQR 1.0101 857.0 0.0099 0.0523
PID 0.8260 1087.2 0.0104 0.0503

Based on the time-domain simulations, a frequency-domain analysis of the suspen-
sion performance metrics was further carried out. Figure 22 compares the power spectral
densities of various performance indicators under the passive suspension and the energy-
regenerative magnetorheological semi-active suspension systems controlled by LQR and
PID strategies. Compared with the passive suspension, both the LQR- and PID-controlled
semi-active suspensions exhibit significantly lower PSD values of sprung mass accelera-
tion in the low-frequency range (1–3 Hz), indicating enhanced capability in suppressing
low-frequency vibrations. Among them, the PID controller demonstrates the most pro-
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nounced effect. However, in the mid-to-high frequency range (8–15 Hz), the PID-controlled
suspension shows relatively higher PSD values of dynamic tire load. This is mainly be-
cause the PID control strategy prioritizes ride comfort, which comes at the expense of
high-frequency tire–road contact performance. In addition, both semi-active suspensions
considerably reduce the total energy of the suspension working space in the low-frequency
range (0.5–3 Hz) compared to the passive suspension, which helps mitigate the risk of
collisions between the suspension and the bump stops.
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Figure 22. Frequency-domain comparison of suspension performance metrics between passive and
energy-regenerative magnetorheological semi-active suspensions. (a) Power spectral density of
sprung mass acceleration. (b) Power spectral density of dynamic tire load. (c) Power spectral density
of suspension working space.

Figure 23 illustrates the variation of regenerative power of the energy-regenerative
MR semi-active suspension under Class C Road conditions at a vehicle speed of 20 m/s. It
can be observed that the regenerative power exhibits significant fluctuations in response to
the vehicle’s vertical vibrations. Under LQR control, the peak regenerative power reaches
404.2 W, with an RMS value of 49.8 W. In contrast, the PID-controlled system achieves a
higher peak of 633.2 W and an RMS value of 80.2 W, representing an approximate 61%
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increase in RMS power compared to LQR. However, this improvement in regenerative
power under PID control comes at the cost of degraded high-frequency tire–road contact
performance, indicating a trade-off with vehicle handling stability. Considering all per-
formance metrics comprehensively, the LQR strategy achieves a more balanced overall
dynamic performance. The energy-regenerative semi-active magnetorheological suspen-
sion can generate an output power of approximately 25 W under Class C Road conditions,
during which the vibration velocity of the suspension reaches 0.3054 m/s. Even when
accounting for an estimated 40% loss in the energy harvesting and management circuitry,
the system still possesses the capability for self-powering.

Dong et al proposed a parallel configuration that integrates a magnetorheological
damper with an energy regeneration device to recover vibration energy from the vehicle
suspension system [16]. Under the same vibration velocity condition (0.3054 m/s), their
suspension system achieved an energy recovery power of approximately 13 W. In contrast,
the axially integrated structure proposed in this study achieves a significantly higher energy
regeneration capability under identical vibration conditions, demonstrating its advantages
in structural compactness and energy conversion efficiency.
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Figure 23. Regenerative power of the energy-regenerative magnetorheological semi-active suspension
system.

Figure 24 shows the adjustable damping force and electromagnetic damping force
output by the ELEMRD under Class C road at a vehicle speed of 20 m/s. From the figure,
it can be observed that the directions of both forces remain aligned in the time domain, as
both forces are always opposite to the relative motion direction between the sprung and
unsprung masses. The RMS values of the adjustable damping force and electromagnetic
damping force are 189.4 N and 93.6 N, respectively. The presence of the electromagnetic
damping force allows the linear generator to function as an additional damper for vibration
suppression. The damping coefficient of this damper can be altered by adjusting the
external resistance.
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Figure 24. Adjustable damping force (Fa) and electromagnetic damping force (Fe) of ELEMRD.

To achieve maximum power transfer, the analysis assumes that the external load
resistance Ra is matched with the coil resistance R0 of the linear generator. In practical ap-
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plications, Ra can serve as a tunable element to adjust the damping characteristics. Figure 25
illustrates the influence of different Ra values on the suspension vibration characteristics.
As shown in Figure 25a, reducing Ra significantly decreases the adjustable damping force
Fa generated by the ELEMRD, which helps to reduce both the energy consumption and
heat generation of the MRD. As shown in Figure 25b, the variation in Ra has a relatively
small effect on the suspension’s vibration characteristics. Therefore, to ensure maximum
power transfer, Ra should be matched as closely as possible to R0.
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Figure 25. Effect of Ra on suspension vibration performance. (a) The RMS values of adjustable
damping force and electromagnetic damping force. (b) The RMS values of sprung mass acceleration
and dynamic tire load.

6. Conclusions
In this study, a semi-active suspension system with an ELEMRD is proposed. This

suspension not only achieves semi-active vibration control but also recovers vibration
energy from the suspension system, thereby improving the overall energy efficiency of the
vehicle. The main conclusions of this study are as follows:

(1) A new ELEMRD was designed by integrating a magnetorheological damper with
a linear generator. A neural network-based surrogate model was employed to optimize
the generator parameters, increasing no-load regenerative power by 14.2% and reducing
cogging force by 49.7%.

(2) A prototype was fabricated and tested. Under an excitation current at 1.5 A, the
MRD achieved a peak output force of 1415 N. At a 5 Hz excitation frequency, the no-load
regenerative power reached 11.1 W and 37.3 W for vibration amplitudes of 5 mm and
10 mm, respectively.

(3) A semi-active suspension model incorporating the ELEMRD was developed and
controlled using both LQR and PID control strategies. Compared to the passive suspension,
both the LQR and PID controllers improve performance. The PID controller reduces sprung
mass acceleration by 29.9% and suspension working space by 2.8%, but increases dynamic
tire load by 41.0%, negatively impacting handling. LQR reduces acceleration by 14.2% and
suspension working space by 7.5%, while increasing tire load by only 11.2%, achieving a
better balance. Under Class C road conditions at 20 m/s, the PID controller achieves a peak
regenerative power of 633.2 W and an RMS value of 80.2 W, significantly higher than LQR’s
peak of 404.2 W and RMS of 49.8 W. However, this increase in regenerative power with
PID control comes at the cost of degraded high-frequency tire–road contact performance,
indicating a trade-off between energy regeneration and vehicle handling stability. Overall,
the LQR controller provides a better balance between regenerative efficiency and ride
comfort and stability.

This study preliminarily designed and validated an ELEMRD integrating magne-
torheological damping and energy regeneration, combining structural optimization and
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system simulation to provide valuable insights for further research on energy-regenerative
semi-active suspensions. The work focuses on the mechanical integration of the magne-
torheological damper and linear generator, as well as the vibration control and energy
recovery capabilities of a suspension system equipped with the ELEMRD. In the next
stage, research will focus on energy harvesting and power management circuits to real-
ize a closed-loop energy system, which will be further investigated through suspension
bench testing.
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