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Abstract—To address the strong nonlinearity of the magne-
torheological (MR) damper and its sensitivity to environmental
variations, a force-tracking control strategy based on an extended
state observer (ESO) is proposed in this paper. First, based on
the input-output data of the MR damper, a Hammerstein model
is developed to accurately characterize its nonlinear dynamics,
including typical saturation-hysteresis characteristics and energy
dissipation behavior. Subsequently, a cascade control structure is
designed, integrating an inverse-model feedforward controller and
an ESO-based sliding mode feedback controller. By incorporating
a disturbance-compensation mechanism, precise tracking of the
desired damping force is achieved. Finally, simulation results confirm
the effectiveness of the proposed control strategy.

Index Terms—Magnetorheological damper, Hammerstein model,
extended state observer, sliding mode control.

I. INTRODUCTION

As an intelligent material, MR fluid consists primarily of
magnetizable particles dispersed in a carrier fluid, supplemented
with thixotropic additives, anti-wear agents, and antioxidants
[1,2]. In the absence of a magnetic field, the fluid behaves
approximately as a Newtonian liquid. Once a field is applied,
the particles align into chain-like structures, drastically altering
its rheological properties [3]. Higher excitation currents enhance
particle alignment and increase the induced yield stress [4,5].
With a typical response time of 8-10 ms, MR dampers have found
applications not only in suspensions but also in medical devices,
seismic isolation, robotics, and other fields [6-8].

The damping response of MR dampers exhibits strong non-
linearity and time-varying characteristics due to multi-factor
coupling [9], which presents significant challenges for accu-
rate dynamic modeling. Commonly used modeling approaches
can be broadly categorized into parametric and non-parametric
models [10]. Parametric models include Bingham model [11],
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Bou--Wen model [12,13], phenomenological models [14], Dahl
model [15], Sigmoid model [16], and nonlinear models based on
hyperbolic tangent functions [17], among others. These models
can effectively reproduce the nonlinear hysteretic behavior of
MR dampers, but is often challenged by the need for precise
identification of numerous parameters. Non-parametric models,
in contrast, transcend the limitations of traditional mechanistic
modeling by adopting a data-driven approach to directly establish
the nonlinear mapping between inputs and outputs [18], thereby
offering greater adaptability and flexibility. Typical examples
include neural network models [19] and fuzzy models [20],
with neural networks receiving particular research attention due
to their strong nonlinear approximation capability and adaptive
learning characteristics.

Recent studies underscore the important influence of tempera-
ture on MR fluid performance [21,22]. To address this, Savaia et
al. proposed a Hammerstein-Wiener model and Guanqun Liang et
al. [23] later developed a parametric hyperbolic hysteresis model
with temperature as an independent variable. These methods,
however, depend on extensive temperature-dependent experimen-
tal data that are often difficult to obtain. Moreover, inverse-
model controllers are commonly employed for current deter-
mination, but their practical implementation is hindered by the
complexity and limited accessibility of the inverse models derived
from temperature-sensitive formulations [21,23]. Additional chal-
lenges, such as property degradation due to particle sedimentation
during storage, further contribute to model mismatch.

Recent studies have further shown that accurate hysteresis
modeling and robust force tracking of MR dampers remain active
research topics. For example, Li et al. proposed a multi-stage
hysteresis model for MR dampers [24], while Yu et al. developed
a Hammerstein-model-based cascaded control strategy in which a
neural network is used to describe the nonlinear hysteresis module
and a linear model is used to represent the dynamic block [25].

To address the issues of strong nonlinearity, hysteresis, and



environmental sensitivity in MR dampers, a cascaded control
strategy based on a Hammerstein model is proposed in this paper.
Within this framework, modeling errors and external disturbances
are unified as a lumped disturbance and actively compensated to
ensure stable output of the desired damping force. First, a recur-
rent neural network (RNN) is used to construct the Hammerstein
model, accurately describing the hysteretic nonlinearity of the
damper. On this basis, a damping-force tracking control architec-
ture is designed, combining an inverse model controller in series
with an ESO-based sliding-mode controller. Through disturbance
observation and real-time compensation, precise regulation and
dynamic tracking of the desired damping force are achieved.
Finally, simulations are conducted to validate the effectiveness
of the proposed approach.

The main contributions are threefold: a control-oriented
Hammerstein-type model is established for the MR damper;
a cascade force-tracking controller is developed by combining
neural-network inverse compensation and ESO-based sliding
mode feedback; and the stability and tracking performance of the
proposed controller are verified under different reference signals.

II. MODEL DESCRIPTION AND PROBLEM STATEMENT

The inherent nonlinearities and significant sensitivity of MR
dampers to environmental factors substantially undermine precise
modeling and force-tracking control. To address these challenges,
we first characterize the damping nonlinearities based on input-
output data analysis. Subsequently, a Hammerstein model is iden-
tified from experimental data to capture the nonlinear dynamics of
the damper. This model provides a structured basis for designing
and implementing robust force-tracking control.

A. Evaluation of MR damper characteristics

The operation of the MR damper is governed by the field-
induced chain alignment of its particles, allowing rapid transi-
tion from a fluid-like state (de-energized, Fig.1(a)) to a semi-
solid state (energized, Fig.1(b)), thereby providing a controllable
damping force. This working principle is inherently associated
with nonlinear hysteresis and dynamic saturation, which present
significant challenges for high-precision control.

semi-solid
state

(a) De-energized (b) Energized

Fig. 1. Diagram of the MR Fluid Working Mechanism.

In order to acquire the input-output data of the MR damper,
sinusoidal excitation is applied to a Lord RD-8041-1 damper
across maximum piston velocities of 0.052, 0.131, 0.262 and
0.524 m/s, with the input current varied from 0 to 1 A in 0.1
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Fig. 2. MR Damper Characteristics at a Maximum Piston Velocity of 0.052m/s.
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Fig. 3. MR Damper Characteristics at a Maximum Piston Velocity of 0.131m/s.
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Fig. 4. MR Damper Characteristics at a Maximum Piston Velocity of 0.262m/s.
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Fig. 5. MR Damper Characteristics at a Maximum Piston Velocity of 0.524m/s.



A increments. The resulting damping characteristics are shown
in Figs.2.

As shown in Fig.2, a distinct hysteresis characterizes the
damping force versus piston velocity/displacement relationship,
which is further accentuated by the progressive widening of the
hysteresis loop with increased control current, demonstrating the
strong nonlinearity of the damping force.

B. Hammerstein Model of MR Dampers

To accurately capture the strongly nonlinear damping charac-
teristics of the MR damper, a Hammerstein model is established
based on the aforementioned input-output data, offering distinct
advantages for system analysis and control strategy design. As
illustrated in Fig.6, the Hammerstein model adopts a block-
oriented structure, which decouples the nonlinear and linear
blocks of the system for separate representation.

Input Nonlinear hysteresis Output

block

Linear block

\ 4

Fig. 6. Structure of the Hammerstein Model.

Nonlinear hysteresis block

The nonlinear hysteresis block of the MR damper characterizes
the primary source of its damping force, i.e., the frictional force
generated by the flow of MR fluid through the piston channels.
This frictional force is jointly influenced by piston velocity,
displacement, and the viscosity of the MR fluid, where viscosity
can be dynamically regulated by adjusting the input current.

To accurately describe the nonlinear behavior of the MR
damper, an RNN is adopted to establish a data-driven model for
the nonlinear hysteresis component in the Hammerstein model,
with the network topology shown in Fig.7. Of the experimental
data, 70% is allocated for neural network training, while the
remaining 30% is reserved for model validation.

hidden layer/context layer

Fig. 7. Structure of the Neural Network Forward Model.

The inputs of the neural network forward model are defined
as the control current I™, the relative piston displacement S™,
the piston velocity v™, and the output values of the hidden-layer

neurons at the previous time step. The output corresponds to the
damping force F.

Consequently, the network architecture is structured with 4
input nodes and 1 output node. The hidden layer comprises 10
neurons, a configuration determined empirically. The hyperbolic
tangent (tanh) function is applied in the hidden layer to extract
nonlinear features, while a linear activation function (purelin) is
used in the output layer to satisfy the regression requirement
for damping force prediction. The model is trained via the
Levenberg-Marquardt algorithm, where the mean squared error
(MSE) between the predicted and actual damping force is adopted
as the loss function, thereby ensuring both high fitting accuracy
and robust generalization capability.

Remark 1: To ensure the stability and convergence efficiency
of the neural network training, all input and output data are
normalized prior to the training process.

Linear block

A linear block is designed to compensate for system dynamic
errors, mapping the predicted damping force from the nonlinear
hysteresis block to the actual measured force. The derived transfer
function is expressed as follows:

579800 )
§2 4+ 671.5s5 + 579900

The two poles of the transfer function model are both located
in the left half of the complex plane, and the system has no zeros.
Therefore, system (1) is stable.

The transfer function model (1) is transformed into a state-
space representation to facilitate controller design and system

analysis:
Z1 0
ISR

To validate the effectiveness of the Hammerstein model, sim-
ulations are conducted with a maximum piston velocity of 0.131
m/s while the current ranged from O to 1 A in 0.1 A increments.
A comparison between the model output and the actual damping
force is illustrated in Fig.8.
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Fig. 8. Modeling Results of the Hammerstein Model.
As observed in Fig.8(b), the overall error between the model

output and the experimental data remains within 40 N, indicating
high dynamic fitting accuracy. This confirms that the constructed



Hammerstein model effectively captures the nonlinear behavior of
the MR damper, thereby providing a reliable basis for subsequent
controller design.

III. CONTROL SCHEME

To ensure robust tracking of the desired damping force in
complex or extreme environments, which are often subject to
model mismatch and disturbances caused by temperature vari-
ations and parameter fluctuations that degrade the force-current
mapping precision, a cascade control strategy is proposed in this
section. The control structure is illustrated in Fig.9, where a
neural network inverse model is used for feedforward dynamic
compensation and an ESO-based sliding mode controller is in-
tegrated to provide feedback regulation for unmodeled dynamics
and external disturbances.

ESO
Fd‘ [ Sliding mode 4—‘7’[‘ neural network ]:rl

controller inverse model MR damper
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v

Fig. 9. Control Structure of the MR Damper Force-Tracking Control System.

A. Neural network inverse model

The neural network inverse model is primarily employed to
compensate for the nonlinear characteristics of the system and to
provide accurate control current commands for the MR damper.
A double-hidden-layer recurrent neural network is adopted to
identify the inverse model with the same recurrent structure as
the forward model.

The inputs of the neural network inverse model are defined
as the damping force F™, the relative piston displacement S™,
the piston velocity v, and the output values of the hidden-layer
neurons at the previous time step. The output corresponds to the
control current /™. Both hidden layers consist of 10 neurons
each, and the activation functions remain consistent with those
employed in the neural network forward model.

To validate the modeling accuracy of the inverse model, the
control current tracking error is shown in Fig.11 with a maximum
excitation velocity of 0.524 m/s.

Results indicate that the maximum error between the output of
the neural network inverse model and the actual control current
remains within 0.05 A, which verifies the effectiveness of the
proposed model.

The performance of MR fluid is susceptible to external tem-
perature variations, performance degradation, and fluctuations
in system parameters, which leads to mismatch between the
inverse model and the actual system. Consequently, the neural
network inverse model alone is insufficient to satisfy practical
control requirements. To improve the adaptability of the system to
parameter disturbances and external uncertainties, a robust control
strategy is additionally incorporated.
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Fig. 10. Modeling Results of the Neural Network Inverse Model.

B. ESO-based sliding mode controller

1) Controller design: the detailed procedure for the ESO-
based sliding mode controller is presented in the following.

It is assumed that the lumped disturbance is bounded and
slowly varying within the considered operating range, which is
reasonable because the MR damper operates under physically
limited current, piston motion, and damping force. Define the
inverse compensation error, modeling error, and related uncer-
tainties as the total disturbance J, system (2) is transformed into:

Z1 = 29
29 = —579900- 21 —671.5- 20+ 0+ 6 3)
Fy = 579800 - z;

where 2o denotes the unmeasurable system state and w is the
control input.

To dynamically estimate the disturbance 4, it is further aug-
mented as an extended system state zs, resulting in the following
expanded system:

Z'fl = Z2
29 = —579900 - 21 —671.5- 20+ 23+ 4 @
Z3 =1

Fd = 579800 - 21

where ¢ is defined as the time derivative of J.

On the basis of the observability of the extended system (4),
a Luenberger-type extended state observer can be constructed as
follows:

21 = 22 — V1 (Fd — Fd)

2y = —579900 - 2, — 671.5 - 55 + 55 + & — Vg (Fd _ Fd)
Z3=p—vs (Fd*Fd>

Fy = 579800 - 2

®)

Define the difference between the actual system states and the

estimates provided by the observer as the observation error ¢, and
(=t t t3]"

where
6122272“ Z:1,2,3 (6)



From the dynamics of system (4) and observer (5), it follows
that the observation error (6) evolves according to:

(= (A—vC)l (7)
where
0 1 0 U1
A= =579900 —-671.5 1 |, v=| vy |,
0 0 0 V3

C=[-579800 0 0 ]

The convergence rate of the observer state error is governed
by the eigenvalues of A — vC, with the rate increasing as these
poles are placed farther from the imaginary axis.The observer
gains used in all simulations are selected as v; = —1.0 x 1073,
vg = —2, and vs = —1. The variables Z;, 29, Z3 represent the
observed values of the system states z1, zo and the disturbance
z3, respectively. Fd is the output of the observer, and vy, va, v3
are the observer gain matrices.

To ensure asymptotic stability of the error system, the gain
matrix v is designed via pole placement to assign all eigenvalues
of A — vC to the left half-plane.

A sliding mode controller is synthesized based on the estimated
system states and the observed disturbance to improve system
robustness.

The linear sliding surface J is defined as:

J=ce+é )

where c is a positive constant that satisfies the system require-
ments.

When the sliding condition J = 0 is reached and sustained,
the following relationship holds between e and é:

ce+éx0 ©)]

This implies

e = exp(—ct) (10)

which demonstrates that the tracking error e asymptotically
converges to zero over time.
Define the force-tracking error as:

e=F;—Fy (11)

where F] denotes the reference input, and Fj represents the
measured output.

Consequently, the dynamics of the force-tracking error (11) are
derived as:

e
Denote the estimation error of the disturbance term as:
b3 =123 — 23 (13)
According to eq.(2), it follows that:
Fy = 579800 - £
Fy = 579800 - 3 (14

21 = Z2
Z1 = —=579900 - 21 — 671.5 - 29 + 23 — 63 +u

Taking the first time derivative of eq.(8), we have:
J=ce+é
. . .. .. (15)
=c(F; —Fd) oy o

Substituting eqs.(12)-(14) into eq.(15) yields:
3=c (B - 579800 ) + £

— 579800 - (—579900 - 21 — 671.5- 29 + 23 — U5 + @)
(16)
To improve the system robustness, a reaching law with a

disturbance compensation term is designed as follows:
J = —esign(J) — mJ + 579800 - /5 (17)

where sign(J) is the signum function of J; The parameters & and
m are positive constants associated with the convergence rate.
From eqs.(16)-(17), the sliding mode control law is derived as:

c (F; — 579800 - 22) + F3 o+ esign(3) +m

579800
+ 579900 - 21 +671.5 - 23 — 23

’EL:

(18)

Due to unmeasured system states, the sliding mode controller
relies on observer-based estimates. The resulting control law is
formulated as follows:

¢ (Fy = 579800 2) + Fj + esign(3) +m3

579800
+ 579900 - 21 +671.5 - 25 — 23

ﬂ:

19)

2) Stability analysis : the stability of the closed-loop system
with the proposed controller is analyzed as follows.
Define the Lyapunov function as:

1
V=c3 (20)
2
Taking the time derivative of eq.(20) yields:
V=33
= J (—esign(J) — mJ + £3) 1)

=—l3-mIPP+3J-4s
= =31 (m[3| +e = |£3])

Assuming that € > |¢3| + ¢, where 9 is an arbitrary positive
constant, and both parameters ¢ > 0 and m > 0, then from
eq.(21) we have V <O0. Consequently, the system states converge
to the sliding surface.

IV. SIMULATION ANALYSIS

To verify the effectiveness of the proposed ESO-based slid-
ing mode control strategy, a damping force tracking control
simulation is conducted. The total disturbance comprises the
compensation error and the modeling inaccuracies induced by
variations in MR fluid properties, is defined as follows:

i(t) = —ﬁ cos(4mt)kN (22)



To evaluate the effectiveness of the proposed controller across
varying dynamic conditions, reference signals consisting of step,
single-frequency sinusoidal, composite sinusoidal, and triangular
waves are applied-representing step response, specific frequency
tracking, complex excitation response, and rapid change scenar-
ios, respectively. Simulation results are presented in Figs.12-
15, with the red solid line in each error curve denoting the
maximum error under the corresponding condition. Table I further
summarizes the maximum error and root mean square error
(RMSE) for each reference signal to quantify the force-tracking
performance.

TABLE I
MAXIMUM ERROR AND RMSE OF DAMPING FORCE TRACKING FOR
VARIOUS SIGNALS

Reference signal Maximum error (N) RMSE (N)
Step 0.0091 0.0047
Sinusoidal 16.2116 11.3907
Composite sinusoidal 18.1810 6.8495
Triangular wave 0.4020 0.3943
R - -desired force -~ output force oi:;

200

Damping force/(N)

Tracking error/(N)
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Fig. 11. Response to Step Signal.

As shown in Fig.12, the system responds rapidly to step inputs,
with the tracking error consistently bounded within 0.0091N and
an RMS error of 0.0047N. These results demonstrate both fast
dynamics and high tracking precision of the controller.

Consider a single-frequency sinusoidal signal expressed as:

y*(t) = 2.5sin(27 ft)kN (23)
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Fig. 12. Response to Single-Frequency Sinusoid Signal.

As shown in Fig.13, with the frequency set to 8 Hz, the
maximum tracking error and the RMSE are 16.2116 N and
11.3907 N, respectively, both of which remain within a reasonable
range.

A composite frequency signal is defined as:
y*(t) =1 — 1.5sin

(2 — cos (2 f1t) — cos (27 fot) — cos (2 f5t)) kN
24
The frequencies are set to f1=5 Hz, f»=8 Hz, and f3=12 Hz,
respectively. The simulation results are shown in Fig.14.
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Fig. 13. Response to Composite Frequency Sinusoid Signal.

For the composite frequency signal, the maximum and RMSE
are 18.1810 N and 6.8495 N, respectively. This indicates that the
proposed ESO-based sliding mode controller maintains both high
tracking accuracy and robust dynamic stability.
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Fig. 14. Response to Triangular Wave Signal.

As shown in Fig.15 for the triangular wave signal, the con-
troller demonstrates strong performance, boasting a maximum
tracking error of 0.4020 N and an RMSE of 0.3943 N. These re-
sults validate its strong adaptability and effectiveness in handling
non-smooth inputs.

In summary, the proposed ESO-based sliding mode control
synthesizes unmodeled dynamics and external disturbances into
a single total disturbance term and actively compensates for it
in real time, thereby ensuring high-precision force tracking and
robust performance under complex excitations.

Remark 2: The sinusoidal signal causes a larger tracking error
due to its higher frequency content.

Remark 3: The sliding mode control law requires the first and
second derivatives of the desired damping force. In the present
simulation, these derivative signals are obtained under ideal
conditions. In future work, related differentiator methods [26],
[27] will be considered, and testbed will be carried out to further
verify the real-time force-tracking performance of the proposed
controller.



V. CONCLUSION

The established Hammerstein model effectively captured the
nonlinear dynamic characteristics of the MR damper, while main-
taining a balance between modeling accuracy and computational
complexity. Based on this model, a cascade control strategy was
proposed. In this strategy, an inverse hysteresis model was utilized
in the feedforward path to compensate for the nonlinearity
of the MR damper. Concurrently, an ESO-based sliding mode
controller was introduced to strengthen the robustness of the
system against inverse compensation errors, model uncertainties,
and external disturbances. Simulation results demonstrated that
the proposed control scheme maintained high tracking accuracy
while exhibiting good robustness.
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