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Abstract: Semi-active suspension systems equipped with continuous damping control (CDC) dampers place stringent demands
on accurate damper-level force tracking. However, the inherent hysteresis, compression—rebound asymmetry, and strong current
dependence of the damper force make force control persistently challenging. This paper addresses this challenge with a four-
component dynamic model that describes elastic restoring force, velocity-dependent viscous damping force, Bouc-Wen hysteresis
force, and an additional force induced by directional asymmetry in a unified framework. Each current-dependent parameter
is represented by an exponential saturation function, which naturally ensures bounded and monotonic coefficient mappings at
the model level while avoiding empirical clipping. Because the four force components dominate in distinct operating regions, a
three-stage hierarchical parameter identification method is further proposed to replace the coupled, single-step identification of
all 20 parameters by direct global optimization. Based on the identified model, a feedforward inverse controller is constructed
that combines online Bouc—Wen state reconstruction, passivity-based clipping, and Newton iteration to achieve real-time current
solution and force tracking. Replacing equal-weight global fitting with the proposed saturation-mapped hierarchical scheme
substantially reduces the identification error, from 0.155 to 0.079. In simulation, the inverse controller built on this model
attains a force-tracking RMSE of 4.9 N, and hardware-in-the-loop experiments further verify the feasibility and effectiveness of
the proposed framework under power-amplifier transport delay and other bench-level non-idealities.

Key words: CDC damper; Semi-active suspension; Hierarchical parameter identification; Bouc—Wen model; Model-inversion
feedforward control; Force-sensor-free force tracking

1 Introduction

Semi-active suspension is generally regarded as a practical
compromise between passive and fully active configurations,
since it can adjust the damping force with low energy con-
sumption and acceptable system complexity (Kimball et al.,
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2024). A recent review on advancements in semi-active auto-
motive suspension systems with magnetorheological dampers
reached a similar conclusion (Wang ZM et al., 2024), and a
comparative study on a single-corner model also supported
the engineering value of semi-active suspension control meth-
ods from a performance-evaluation perspective (Poussot-Vassal
et al., 2012). In many production-oriented systems, the key
controllable element is a continuous damping control (CDC)
damper, for which physical modeling has been studied in the
context of digital-twin applications driven by an electronically
controlled proportional valve (Li T et al., 2023). As reviews on
vibration-control strategies using magnetorheological-material
actuators point out, the main difficulty lies not only in the
upper-layer suspension controller but also in the damper-side
force realization problem. Multi-stage hysteresis modeling of
magnetorheological dampers has revealed that the output force
depends on current, piston velocity, piston displacement, and
loading history, rather than on a simple static current—force
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relation (Li JH et al., 2023).

Under these conditions, an oversimplified damping model
is insufficient for lower-layer control design. In the fundamen-
tals of vehicle dynamics, linear or quasi-static models are often
adopted first because of their analytical tractability (Gillespie,
1992). The method for random vibration of hysteretic systems
proposed by Wen (1976), however, established that the force re-
sponse can differ for the same instantaneous displacement and
velocity if the loading path is different. The phenomenological
model of a magnetorheological damper proposed by Spencer
et al. (1997) became influential because it provided a com-
pact description of this memory effect in controllable dampers.
Muthalif et al. (2021) used particle swarm optimization to es-
timate parameters of magnetorheological damper models. Ex-
perimental validation of hybrid-damping-mode magnetorheo-
logical dampers has confirmed that semi-active dampers re-
main strongly nonlinear and current-sensitive over the full op-
erating range (Lee and Oh, 2025). The key issue is therefore
not whether hysteresis should be included, but how to repre-
sent it in a form suitable for both identification and control.

Parameter identification becomes particularly challenging
when the elastic restoring force, viscous damping, hysteresis,
and directional asymmetry are all retained in a single force
model. Nondimensional analysis of semi-active electrorheo-
logical and magnetorheological dampers has also shown that
controllable dampers are sensitive to parameter scaling and
model structure (Wereley and Pang, 1998). At the suspension
level, polytopic linear parameter-varying (LPV) approaches
for intelligent automotive systems report a similar trade-off be-
tween modeling richness and calibration difficulty (Li PS et al.,
2021). A review on LPV approaches for suspension systems
likewise acknowledges that a richer model is usually harder to
calibrate and to interpret physically (Sename, 2021). Recent
semi-active suspension studies on inerter—spring-damper con-
figurations continue to show strong parameter coupling when
the damper-side physics are modeled in greater detail (Shen
et al., 2024). This is why the design of a hierarchical controller,
where different control layers address different physical mecha-
nisms, remains attractive (Gaspar and Szabo, 2013). For CDC
dampers, however, an identification method that explicitly ex-
ploits these separations while still yielding a model suitable for
online inversion has not been fully developed.

The control literature points to a closely related limi-
Poussot-Vassal et al. (2008) made explicit that the
dissipative constraint sits at the heart of any realizable force
command. This is not a new observation: Karnopp (1995) had

tation.

already formalized the rule that a semi-active device can only
dissipate energy and cannot inject energy freely, while Fialho
and Balas (2002) showed how the same constraint could be
handled within a road-adaptive active-suspension design us-
ing LPV gain scheduling. The practical implication is clear:
passivity enforcement is intrinsic to semi-active hardware and
must be addressed at the controller level. Na et al. (2020)
developed an approximation-free controller for full-car active
suspension systems with unknown nonlinearities. On the sens-
ing side, Qin et al. (2024) proposed a self-sensing approach for
estimating suspension displacement and velocity in semi-active
Specifically, for CDC hardware,
Yuan et al. (2023) proposed a switched Takagi-Sugeno fuzzy

electromagnetic dampers.

controller with a current-input constraint, and Yuan et al.
(2025) validated an asynchronous observer for CDC semi-active
suspensions. The broader suspension-control community has
also explored fractional-order control (Yin et al., 2024), multi-
objective optimization (Cao et al., 2020), hierarchical preview
control (Luan et al., 2025), hybrid ride-comfort and handling
strategies (Wang F et al., 2025), and phase-deviation com-
pensation with inertial suspension (Yang et al., 2024). What
remains largely unaddressed, however, is a damper-level ques-
tion of a different kind: how to construct a unified model that
simultaneously guarantees bounded coefficient maps, identifi-
able parameters, and an online-invertible current—force relation
subject to the passivity constraint.

This study addresses this gap by focusing on lower-layer
current-to-force realization for a CDC damper, while leaving
the upper-layer suspension law outside the scope. A four-
component force model is assembled from an elastic restoring-
force term, a velocity-dependent viscous damping term, a
Bouc-Wen hysteretic term, and a compression-rebound asym-
metric term. Every current-dependent coefficient is parameter-
ized through an exponential saturation function, which keeps
the resulting map bounded and monotonic by construction.
Identification proceeds in three hierarchical stages, each tar-
geting a region dominated by one or more force components
to limit cross-coupling among parameters. The calibrated
model then feeds a feedforward inverse controller that com-
bines Newton-based current iteration, online Bouc—Wen state
reconstruction, and passivity-based clipping. Bench experi-
ments, ablation analysis, feedforward-control simulation, and
hardware-in-the-loop (HIL) tests are reported to validate the
approach.

2 Experimental setup and CDC damper
characteristics

2.1 Experimental platform and test protocol

As shown in Fig. 1, the CDC damper is mounted on
an MTS 850 servo-hydraulic rig (MTS Systems Corporation,
USA). The rig applies sinusoidal displacement excitation un-
der controlled laboratory conditions. Displacement, force, and
current are sampled simultaneously at 10 kHz with 16-bit reso-
lution so that the steep force variation near stroke reversal can
be captured. A host PC sends the desired current command
to a DC power amplifier through TCP/IP, and the amplifier
drives the proportional solenoid valve in the damper.

Each test run follows a swept-sine protocol over the pre-
scribed amplitude and frequency range. Each operating condi-
tion is recorded once, and temperature is not monitored. Re-
peatability and temperature effects are not evaluated. Piston
displacement is measured by the built-in MTS linear variable
differential Transformer (LVDT) encoder, velocity is obtained
from the differentiated displacement signal after zero-phase
low-pass filtering, damper force is recorded by the load cell,
and the applied current is logged by the amplifier on the same
time base. The test matrix combines several displacement am-
plitudes, excitation frequencies, and constant current levels to
cover the main nonlinear characteristics of the CDC damper.

The 20 complete operating-condition segments are
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Fig. 1 Schematic of the continuous damping control (CDC) damper test platform

divided into 11 training segments and 9 held-out validation
segments, with no individual segment split between the two
sets. The load-cell force signal is used only for offline parame-
ter fitting and performance evaluation and is not fed into the
real-time control loop discussed in Section 5.

2.2 Observation of nonlinear characteristics and
modeling implications

The bench data show five coupled nonlinear characteris-
tics: displacement-related stiffness, velocity-dependent damp-
ing, current sensitivity, hysteresis, and compression-rebound
asymmetry. These observations directly motivate the multi-
component model in Section 3.

Fig. 2 shows that the force—displacement trajectory forms
a closed loop with a non-zero area rather than a single-valued
spring curve, which is evidence of energy dissipation over a
cycle. The local slope also changes with the stroke position,
so a simple linear spring is not sufficient. The restoring-force
term must therefore reflect gas precharge, fluid compressibility,
and seal friction and deformation.
the
force—velocity curves. As Fig. 3 shows, the force rises steeply

Similar nonlinear behavior is observed in
at a low piston velocity and then rolls off at higher speeds, a
saturation trend that a single linear viscous coefficient cannot
reproduce. Increasing current shifts the whole force—velocity
curve upward, but each additional current increment gives a
smaller force increment, indicating valve-side saturation. This
suggests that the current-dependent coefficients should be de-
scribed by bounded, monotonic saturation maps rather than
free polynomials.

Non-

closure of the swept-sine trajectories alone does not estab-

One further observation links the two figures.

lish hysteretic memory. Meanwhile, the rebound branch stays
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Fig. 2 Experimental force—displacement hysteresis loops
under swept-sine excitation at 1 A

above the compression branch at matched absolute veloci-
ties, indicating a directional bias caused by asymmetric in-
ternal geometry. Any quasi-static symmetric damper model
would miss both effects. For this reason, the total damper
force is decomposed into four components: elastic restoring
force, velocity-dependent viscous damping, Bouc—Wen hystere-

sis, and compression-rebound asymmetry.

3 Nonlinear dynamic model of the CDC
damper

3.1 Overall modeling framework

For modeling, the damper-rig assembly is represented as
a single-degree-of-freedom system:

mi(t) + Feac(2(t), (1), 2, I) = Fin(t), (1)



I

ENGINEERING Inform Technol Electron Eng 2026 27(10):260129

3000 F T T T T T T T T T ™3
1 Hz, loading
2500 + — — -1 Hz, unloading g
2 Hz, loading
2000 — — -2 Hz, unloading / J
3 Hz, loading
3 Hz, unloading
1500 4 Hz, loading P 1
— — — -4 Hz, unloading
Zz 1000 5He loading 7/ .
@ — — - 5Hz, unloading //
© 500+ — .
(e] ~ 7 /
w s
0F e / . i
_ / / /
500 - / Y YAy g
-1000f /7 [ 1
/ ( \ \ o
-1500 <1 e : =z e
-2000f, . i

-1.0 -0.8 -06 -04 -02 0 02 04 06 08 1.0
Velocity (m/s)

Fig. 3 Experimental force—velocity characteristics under
swept-sine excitation at 1 A

where m = 10 kg is the equivalent mass, z(t), (¢), and Z(t)
denote the piston displacement, velocity, and acceleration, re-
spectively, Fin(t) is the external excitation force, Foqc(+) is the
CDC damper reaction force, z is the Bouc—Wen state variable,
and I is the control current. In the following, for brevity, z(t)
and ©(t) are written as x and &, respectively.

For identification, the damper force is split into four parts:
chc:Fs(fr)+Fd(:.r7])+F‘}1(Z7I)+Fasym(f.r71)- (2)

The four terms are the elastic force Fs(z), damping
force Fy(z,I), Bouc~Wen force Fy(z,I), and asymmetric force
Fasym (2, 1).

Substituting Eq. (2) into Eq. (1) gives

mi(t) + Fa(x) + Fa(i, I) + Fu(z, I) + Fasym (@, I) = Fin(2).
(3)

This decomposition is retained because it separates the
main mechanisms in a form directly usable by the staged pro-
cedure in Section 4.

3.2 Elastic restoring-force model

This term represents gas preload, fluid compressibility,
and the low-speed restoring effect. A cubic expression is

adopted:
FS (:C) = Qo + a1Tmm + a3x?nm' (4)

Here, ao is the preload term, a; the linear stiffness, and as the
cubic correction. These parameters are independent of I. For
numerical evaluation of the elastic polynomial, xmm represents
displacement in millimeters. The units of ag, a1, and a3 are
N, N/mm, and N/mm?, respectively.

The cubic form is used here as a control-oriented approx-
imation, not a universal elastic law. Within the tested range,
it captures the main restoring-force nonlinearity with few in-
terpretable parameters. At higher frequencies, stronger com-
pressibility effects, or marked temperature variation, however,
the restoring force may also depend on velocity, temperature-
dependent stiffness, and seal friction. In such cases, Fi(zx, %),
piecewise polynomials, or temperature-dependent parameters
may be required.

3.3 Damping-force model

The damping term represents the valve-related energy
dissipation. A linear-quadratic expression is used:

Fa(i, I) = (D) + ea ()] (5)

The linear term c; (/) dominates at low speed, while the
quadratic term c2(I) becomes more important as the piston
speed increases.

Two current maps are compared. The baseline uses a
polynomial:

er(I) =bo + bil 4 b1, (6)

co(I) =do 4 di I + doI°. (7)

These coefficient maps are empirical, but they do not limit
the growth of the damping terms outside the fitted current
range.

To overcome this limitation, an exponential saturation
form is also considered:

ci(I) = by 4+ ba(1—e 37, (8)

ca(l) = di + do(1 — e 7). (9)

The corresponding limits are b1 + b2 and di + d2, respec-
tively. This form prevents unrealistic coefficient growth when
the operating current goes beyond the main fitting range.

3.4 Bouc—Wen hysteretic-force model

The memory effect is described by a Bouc—Wen internal
state. Similar Bouc-Wen-based hysteresis compensation and
feedforward-control ideas have also been reported in piezo-
driven precision mechanisms (Yu et al., 2021, 2022). These
studies show that hysteresis modeling is not only a fitting
issue, but also a control design issue when the model is later
used for inversion or compensation. The hysteretic force is
therefore written as a current-dependent gain multiplied by
the internal variable z:

Fu(z,I) = kn(1)z, (10)
where k(1) is the hysteretic gain. The evolution of z is given
by

2= Ad — Bla||2[" " 2 — yilz|",

(11)

where A controls the initial slope, 5 and 7 govern the loop
shape, and n controls the transition sharpness.

Again, two current maps are tested. The quadratic form

kn(I) = ho + hil + hol?, (12)
and the saturation form is
kn(I) = hi + ho(1 — e "37). (13)

The saturation coefficients keep the hysteretic gain
bounded as the current increases.



3.5 Asymmetric additional-force model

Directional asymmetry is represented through a smooth
hyperbolic-tangent correction:

(14)

Vs

Fasym (&, I) = r(I) tanh (£> ,

where r(I) controls the bias magnitude and wvs controls the
transition near zero speed. The polynomial form is

r(I) =10+ 11 + roI?, (15)
and the saturation form is
r(I) =714 ra(l —e "), (16)

3.6 Model summary

Egs. (3) and (11) together define the proposed damper
model. Under saturation parameterization, the full model con-
tains 20 parameters: 3 for the elastic term, 6 for the damping
term, 7 for the hysteretic term, and 4 for the asymmetric
term. Section 4 identifies these parameters in three physically

motivated stages.

4 Hierarchical parameter-identification strat-
egy based on physical mechanisms

4.1 Analysis of the identification problem

Directly estimating 20 coupled parameters in one opti-
mization step is numerically difficult. The search space is
large, local minima are common, and the physical meaning of
each force term becomes unclear during the fitting process.

A mechanism-based split provides a more reliable solu-
tion. Near zero velocity, the elastic part is dominant. After
this part is removed, the damping term becomes much easier to
identify. After both components are separated, the remaining
residual is governed mainly by hysteresis and directional asym-
metry. The proposed identification strategy therefore follows
this physical order.

4.2 Three-stage implementation of the saturation-
mapped hierarchical identification method

The full saturation-mapped model is identified in three
stages.

Stage 1 estimates the elastic parameters (ao, a1, as). Sam-
ples in the near-zero-velocity region are selected first. In this
region, the velocity-related terms are small, so the measured
force is dominated by the elastic restoring term:

chc ~ FS({I') = Qo + a1Tmm + a3xixm- (17)

The selected samples have velocity magnitudes below the
25" percentile. This threshold is treated as an engineering
initial choice for stage 1, not a universally optimal constant.
It retains enough samples for stable estimation while reduc-
ing contamination from damping, hysteresis, and asymmetry.
Additional checks show that changing this percentile modifies
the stage-1 sample set but does not produce a clear mono-
tonic change in the final three-stage error. Therefore, the 25
percentile is used here as a practical compromise; for other
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datasets or dampers, it should be reselected by threshold scan-
ning or cross-validation. An initial estimate is obtained using
least squares, and the parameter values are then refined using
a hybrid particle swarm optimization—simplex method.

Stage 2  estimates  the
(b1,b2,b3,d1,dz2,ds3). The fitted elastic force is first re-
moved from the raw measurement so that the residual is

damping  parameters

governed mainly by the damping term:

Frcs,d (t) = -Fmeas(t) - Fs(x) (18)

The saturation damping model is fitted to that residual:

Fa(i, I) = [by +bo(1 — e )i

+ [d1 4 da(1 — e~ %)) |2 (19)

The same hybrid optimizer is used to identify these six
damping parameters. Although Fies.q is damping-dominated,
it is not guaranteed to be free of hysteretic or asymmetric
remnants. Accordingly, the stage-2 results are interpreted as
an equivalent damping representation under residual coupling,
while the remaining path-dependent and directional effects are
absorbed in stage 3.

Stage 3 estimates the remaining 11 parameters related to
hysteresis and asymmetry. At this point, both the elastic and
damping parts are removed first, leading to the residual:

Fres,h(t) - chas(t) - Fs(l') — Fd(f.f, I) (20)

The remaining model terms are then fitted to this
residual:

Fresn = kn(I)z + r(I) tanh(z/vs). (21)

At this stage, Eq. (11) must be integrated for every trial
parameter set. Particle swarm optimization is used for the
global search, and simplex is used for local refinement. Re-
lated nonlinear identification and robust tracking problems in
precision actuation have also shown that richer hysteretic mod-
els may improve tracking quality, but usually at the cost of a
higher computational burden (Ma et al., 2023; Yu et al., 2024).
Remark 1 This stage is the most computationally expensive
because the hysteretic state must be integrated repeatedly
during optimization.

The computational burden of stage 3 is purely offline.
Once the parameters are identified, the online controller no
longer runs particle swarm optimization or simplex; it only
updates the Bouc—Wen state and solves a scalar inverse prob-
lem for each sample. Hence, the large calibration cost does not
directly transfer to real-time control.

4.3 Design of comparison algorithms: a systematic
ablation study

Three comparison models are introduced for ablation
analysis. The polynomial hierarchical model maintains the
three-stage structure and the asymmetric term but replaces
The ba-

sic hierarchical model uses staged identification and quadratic

the saturation maps with quadratic polynomials.

polynomial current maps without the asymmetric term. The
globally synchronous model uses the same force components
and current maps as the basic hierarchical model, but identifies
its parameters jointly.
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These models support pairwise comparisons of the iden-
tification strategy, asymmetry, and current-map form. In this
way, the roles of staged decomposition, directional asymme-
try, and saturation mapping can be examined separately. The
quantitative comparison is given in Section 6.

5 Feedforward controller design based on
model inversion

5.1 Definition of the control problem and signal-
chain architecture

A semi-active suspension typically contains two con-
trol layers. The upper layer computes the desired damping
force Fyes(t) from vehicle-state measurements and the chosen
suspension-control law, while the lower layer determines the
current I(¢) required for the CDC damper to realize that force
accurately.

The lower-layer task is handled by inverting the identified
damper model. The controller takes Fyes(t) together with
the measured displacement x(¢) and velocity @(¢) as inputs,
and outputs the current command I(¢). Since no force sensor
is available online, the performance of the inverse controller
depends directly on model accuracy. Inverse-model-assisted
feedforward control and robust motion compensation have also
been studied in other nonlinear actuator systems (Yu et al.,
2022, 2024; Ma et al., 2023). From an implementation point
of view, the key issue is not only fitting accuracy, but also
whether the current—force relationship remains regular over
the admissible operating range.

Several internal signals define this calculation chain. The
starting point is the desired damping force Fues(t) generated
by the upper-level controller. The passivity condition is then
checked. If Fyes® < 0, the requested force is dissipative and
can be kept directly, so the realizable force request satisfies
Fema(t) = Faes(t).
energy into the suspension. Since a semi-active device cannot

If Faes® > 0, the request would inject

provide active energy input, the controller applies Imin and
bypasses inversion for that sampling instant.

If passivity is satisfied, the algorithm subtracts the elas-
tic component and obtains Fiarget(t), namely the exact force
that must be generated by the current-dependent terms of the
model, with Fiarget = Fema — Fs(z). The feedforward current
I (t) is then obtained by solving @(Ig) = Fiarget. This raw so-
lution is finally clipped to satisfy the hardware limits, yielding
I(t) = sat(I#, Imin, Imax). A separate variable, Factuai(t), de-
notes the physical damper force used only for offline evaluation
and never enters the real-time control loop.

The resulting signal chain can therefore be summarized
as Fies = Femd — Fiarget — I — I1(t) — Factual. In this
way, an unconstrained theoretical force request is transformed
into a physically admissible and numerically solvable hardware
command.

5.2 Model inversion and the current response
function

Starting from the four-component damper-force model in
Eq. (2), let Factuat = Fema and move the elastic term Fi(z),

which does not depend on current, to the right-hand side:

Fiactual = Fs(:c) +Fd(CC7I) + Fh(Z7I)

+ Fasym (CC7 I) (22)

The corresponding target force, namely the force to be
generated by the current-dependent part of the model, is then
written as

Ftargct (t) = chd (t) - FS(‘T)

— L'cmd (t) - (llo + a1Zmm + aSCC?nm). (23)

Only the elastic term is moved to the right-hand side.
The damping, hysteretic, and asymmetric contributions all
remain in the current-dependent part, which is grouped into
the current response function @(I):

O(I) =ci(I)k + c2()|2]|T + kn(I)z
+ r(I) tanh (£> .

Vs

(24)

&(I) denotes the nonlinear current-to-force relationship,
which must be inverted at each control instant. The current
response can be decomposed into four components:

QS(I) :gbdl(l)+¢d2(I)+Q§h(I)+Q§a(I)7 (253.)
where the individual components are defined as follows:
Ba1 (1) = [bl + b (1 - e*bﬁf)} i, (25b)
Ban(I) = [dl +ds (1 - e*d?»’)] |, (25¢)
Bu(I) = [hl + he (1 - e*hsf)] 2, (25d)
D.(I) = [7"1 + 72 (1 - ef’"e'l)] tanh (vﬁ) . (25e)

The feedforward computation is therefore reduced to a
scalar nonlinear equation:

@(Ij—f) = Ftarget (t)7 (26)

where Ig denotes the feedforward current to be applied by
the controller. The reliability of the whole lower-layer control
strategy depends on solving this equation stably.

1. Derivative of the current response. Differentiating &
with respect to I gives

g = b2b367b31:]'3 -+ d2d367d31|$‘j3

+ hahsze "3z 4+ rorse™ 3! tanh(z/vs). (27)

Because z may change sign, positive coefficient pairs alone
do not establish a fixed sign for @' (I); global monotonicity and
uniqueness are therefore not claimed.

2. Newton iteration. The inversion equation is solved by
Newton’s method:

D(I1) — Frarget

D' (1) ' (28)

Iy = I, —
where [, is the iteration at step k, and &'(I}) is the derivative
in Eq. (27) evaluated at that point. The iteration is initial-
ized by the current value from the previous sampling instant,
Iy = I(t — At), which improves convergence through temporal
continuity. The stopping criterion is |®(Ix) — Fiarget| < €tol,
with a maximum of Nmax iterations. In practice, €o = 1 N



and Nmax = 10 balance accuracy and real-time burden. A 1-N
residual is already small for the CDC-damper force range, and
a much smaller tolerance would bring limited benefit once the
model error, sensor noise, and driver dynamics are considered.
By local linearization, the residual tolerance corresponds ap-
proximately to a current error 81 = €y01/|®’ ()], which should
remain below the effective current resolution of the driver. The
cap Nmax = 10 is conservative, whereas the actual iteration
count is usually only two to four, compatible with a 1-ms con-
trol period. Thus, the online load is dominated by O(Nnewton )
scalar function evaluations plus one Bouc—Wen state update
per sample.

Fig. 4 illustrates the overall feedforward architecture. Af-
ter passivity checking, the elastic compensation block subtracts
Fy(z) from Femg to form Fiarget. The measured signals x and
& enter both the elastic compensation block and the current
response function @(I), while the Bouc—Wen observer supplies
the online estimate of z. Only the main signal paths are shown;
the complete relations are given in Eqgs. (29)—(31) and Section
5.4.

5.3 Handling of engineering constraints

Before the controller is implemented on hardware, three
engineering issues must be addressed:

1. Bouc—Wen state reconstruction. The internal state
z(t) is not directly measurable. It is updated online using a
forward-Euler discretization of the Bouc—Wen ordinary differ-
ential equation:

Z(tk) = Z(tk_l) + At Az(tk_1)7 (29&)
where the individual components are defined as follows:
Az(tk_l) = AZA(tk_l) + Az@(tk_l) =+ A,Z,’»Y(t].g_l)7 (29b

AZA(tk_l) = A:i?(tk_l),
Azg(ti—1) = =Bla(te—1)||2(te—1)|" " 2(te-1),
Azy(te—1) = =y&(tr—1)|2(tr—1)["

This update law has low computational cost and provides
enough accuracy for inversion under the 1-ms sampling period

(29¢
(29d

)
)
)
(29e)
used in this study.

2. Current saturation. The physical valve operates within
a finite current range, and the command is therefore saturated

as follows:
I(t) = Sat(-[ff(t)7 Imim Imax)7

with Imin =0 A and Inax = 2 A.

(30)

Feedforward inversion controller

Upper-level
controller

Passivity
constraint
check

Elastic
compensation

(Skyhook/LQR)
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3. Passivity enforcement. A semi-active damper can dis-
sipate energy, but it cannot inject energy into the suspension.
Whenever the desired force and the velocity have the same
sign, the upper controller is effectively asking for active power
input. In this case, the current is set to Iimin and the inversion
stage is bypassed:

if Faes(t)@(t) > 0,

Iminy
(t) = (31)
Sat(]ff, Imin, Imax)a

otherwise.

Remark 2 This constraint reflects the essential distinction
between a CDC damper and a fully active actuator. It limits
the set of achievable force commands but must be enforced for
semi-active hardware.

5.4 Algorithmic procedure

The control routine is executed at each sampling instant
ty. The first step updates the hysteretic state z(fx) from
z(tx—1) using Egs. (29a)—(29e). The passivity condition is
then checked. If Fues(tx)Z(tx) > 0, the requested force would
inject energy into the system. Since the CDC damper cannot
generate active power, the controller sets I(tx) = Imin for that
step; otherwise, the desired force is passed to Fema(tr) directly,
ie., Eq. (31).

Next, the elastic component is removed from the com-
mand force. Using Eq. (23), the controller computes Fiarget by
subtracting ao + @1Zmm (tx) + a3z (). The remaining force
is the part that must be produced by the damping, hysteretic,
and asymmetric terms.

The current is then obtained by the Newton iteration.
The solver uses Egs. (25a)—(25e) with the updated state z(tx).
The initial guess is taken as the previous current, I(tx—1). The
iteration stops when |®(I) — Fiarget| < €tol, Where €01 follows
the trade-off between accuracy and computational burden as
discussed in Section 5.2. Similar iterative or robust tracking
procedures have been reported for piezoactuated precision sys-
tems (Yu et al., 2021; Ma et al., 2023). In this sense, the inverse
solver is not just a numerical step. It is part of the actuator-
side control design and directly benefits from a model with
bounded coefficients and clearly separated physical roles.

The final output is clipped to the hardware range.
Eq. (30) limits I(tx) between Imin and Imax before the com-
mand is sent to the amplifier.

Newton

I(t) Foca(t)
solver >

Current
limiter

sat(/, 0,2 A) =

x(t)

Fig. 4 Block diagram of the feedforward control system
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6 Results and discussion
6.1 Parameter identification results

The four identification strategies are tested on the same
dataset. Table 1 lists the parameter values.

For the saturation-mapped hierarchical model, the damp-
ing saturation rates remain positive, with b3 = 0.1848 and
ds = 19.33, which is consistent with a monotonic current-
dependent increase in effective damping that gradually ap-
proaches a finite limit. The hysteretic gain also shows a pos-
itive saturation rate, hs = 0.6216. In addition, the asym-
metric offset r1 = 377.43 N at zero current indicates that the
rebound—compression bias already exists in the hardware be-
fore the control current increases.

6.2 Model accuracy and ablation analysis

Table 2 summarizes the identification errors for the four
model structures. The saturation-mapped hierarchical model
performs best, with TrainWeighted, ValidationWeighted, and
AllEqual decreasing to 0.049, 0.116, and 0.079, respectively.
Relative to the globally synchronous model, whose correspond-
ing metrics are 0.108, 0.218, and 0.155, these values represent
reductions of 55%, 47%, and 49%, respectively.

The proposed model has a training—validation gap of
0.067, versus 0.110 for the globally synchronous model, 0.126

for the polynomial hierarchical model, and 0.522 for the basic
hierarchical model. The saturation-mapped formulation thus
achieves the smallest gap, indicating better performance on
the held-out validation subset.

The validation weighted objective is 0.672 for the basic hi-
erarchical model and 0.218 for the globally synchronous model;
staged identification alone does not improve this metric in the
tested comparison.

When the asymmetric term is restored together with poly-
nomial current maps, ValidationWeighted decreases to 0.308.
Replacing the polynomial maps with saturation maps reduces
it further to 0.116.
current-dependent parameterizations describe the valve behav-

This comparison shows that bounded

ior better than unbounded polynomial maps.

The validation results may be associated with bounded
current maps and the asymmetric term. Exponential satu-
ration keeps each current-dependent coefficient bounded and
monotonic, suppressing nonphysical extrapolation. Retaining
the compression—rebound asymmetric term prevents the direc-
tional bias from being absorbed by the damping or hysteretic
terms. Together, these features explain the lower validation
error and smaller training—validation gap.

The figures are consistent with the tabulation results. In
Figs. 5 and 6, the saturation-mapped model follows the loop
envelope, branch separation, and reversal region more closely
than the other models. Figs. 7 and 8 show the same results

Table 1 Model parameters identified by the four strategies

Parameter Globally Basic Polynomial Saturation-mapped
Parameter . . . . . .
category synchronous hierarchical hierarchical hierarchical
ag (N) 119.79 —20.95 26.12 37.79
Elastic term a1 (N/mm) 23.66 27.48 31.98 28.81
a3 (N/mm?) 0.0115 —0.0053 —0.0067 —0.0029
Polynomial by / 2357.2 2497.0 4175.8 0.0145
Saturation by
Polynomial by / 0 0 858.68 7938.0
Saturation bs
Polynomial by / 604.07 1933.8 16.85 0.1848
Damping term Saturation bz
Polynomial do / 4.28 0.199 54.03 3.24 x 107¢
Saturation di
Polynomial d; / 0 0 4.20 3.82 x 107°
Saturation ds
Polynomial da / 100 0 17.07 19.33
Saturation ds
Polynomial hg / 7.54 x 107 6.60 x 107 2.82 x 107 6948.5
Saturation hiy
Polynomial hy / 1151.6 3.41 x 10° 8.92 x 107 6.70 x 107
Saturation hgo
. Polynomial hs / 1.00 x 108 3.23 x 107 1.37 0.6216
Hysteretic term )
Saturation hgs
A 4.42 x 107* 1.00 x 107* 1.00 x 1074 3.33 x 1074
B 8000 1.00 x 107% 3612.6 247.69
¥ 1.00 x 10~* 8000 1653.0 2085.3
n 1.27 3.00 2.23 1.44
Polynomial rg / 0 0 —4630.2 377.43
Saturation 71
Polynomial 71 / 0 0 4787.2 1778.3
Asymmetric term Saturation 7o
Polynomial ra / 0 0 0.897 0.3672
Saturation r3
Vg 1 1 2.59 0.1267

For “Polynomial = / Saturation y” in the damping, hysteretic, and asymmetric categories, = corresponds to the quadratic polynomial parameters in

columns 3-5 and y to the exponential saturation parameters in the last column
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Fig. 5 Force—displacement loops for the four models and measurement data: (a) I =1 A, 1 Hz; (b) I =1 A, 2 Hz; (¢)
I=1A,3Hz; (d) I =1A,4Hz; (e) I =1A,5Hz; (f)I =05A,1Hz; (g) I =0.5A,2Hz; (h) I =0.5A, 3 Hz; (i
I=05A,4Hz; (j)I=05A,5Hz; (k) I=0A,1Hz; (1) I =0A,5Hz

Table 2 Comparison of generalization metrics for the four identification models

Model TrainWeighted ValidationWeighted AllEqual
Globally synchronous 0.108 0.218 0.155
Basic hierarchical 0.150 0.672 0.367
Polynomial hierarchical 0.182 0.308 0.234
Saturation-mapped hierarchical 0.049 0.116 0.079

TrainWeighted and ValidationWeighted evaluate the same composite objective on the 11 training segments and 9 held-out operating-condition segments

using condition weights. AllEqual evaluates it over all 20 segments with equal segment weights. The identified parameters are fixed; lower values indicate

better agreement. The best results are in bold

in terms of RMSE, namely a lower mean error together with a
tighter spread across operating conditions.

6.3 Robustness analysis under multi-objective
optimization

Table 3 examines the robustness of the saturation-mapped
hierarchical model with respect to the multi-objective weight-
ing choice. The loop objective remains at 0.0334 for all three
weight configurations. The reported peak and loop objectives
change little across the tested weight configurations.

In addition to the weighting study, we examine the sen-
sitivity of inverse-control performance to perturbations of the
Bouc—Wen parameters 8 and v, which strongly influence loop
width and reversal transitions. Using the saturation-mapped

identification model as the reference, 5 and ~ vary within
Across the 49 result-
ing parameter combinations, RMSEcna changes from 4.9 N
to about 4.9-5.4 N, while RMSE4es remains within 25.3-25.6
N. These results indicate that moderate perturbations affect

0.7-1.3 times their nominal values.

mainly the local error near velocity reversal, but produce only
small changes in the reported tracking errors over the tested
parameter grid. Fig. 9 visualizes this trend.

6.4 Feedforward-control simulation validation

The four identified models are then embedded in the same
inverse feedforward loop so that their control performance can
be compared directly under the same conditions. Two metrics
are used: RMSEges tracks Factual against the initial Fyes and
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Fig. 6 Force—velocity profiles for the four models against the bench measurements: (a) I =1 A, 1 Hz; (b) I =1 A, 2 Hz;

(c)I=1A,3Hz;(d)I=1A,4Hz;(e) I =1A,5 Hz; (f)
I=05A,4Hz;(j) I =0.5A,5Hz; (k) I =0A,1Hz; (1)

I=0.5A,1Hz;(g) I =0.5A,2Hz (h) I =0.5A, 3 Hz; (i)
I=0A,5Hz

Table 3 Multi-objective optimization results of the saturation-mapped hierarchical model

Weight configuration ‘Weighted Equal-weight Peak Loop objective
Balanced 0.082 0.079 0.074 0.0334
Peak-priority 0.077 0.075 0.074 0.0334
Loop-priority 0.076 0.073 0.074 0.0334

therefore includes the passivity clip, while RMSE.nq tracks
Fiactual against the feasible Fima and therefore measures the
tracking accuracy relative to Femg.

Table 4 gives the simulation results. For the saturation-
mapped model, RMSE.,,q decreases to 4.9 N, whereas for the
three other models, RMSE.,q is between 148.6 N and 216.5
N. The correlation coefficient reaches 1.000, and the RMS
current is also the smallest at 0.887 A. This improvement
therefore comes from a better inverse model rather than a
more aggressive current demand.

Fig. 10 shows the corresponding time histories. For most
of the stroke, Fuctual remains close to Fima. The remaining
mismatch is concentrated mainly near the reversal points,
where hysteresis and unmodeled dynamics are the hardest to
handle. The current trace shows repeated rapid transitions.

To probe the applicability range of the identified inverse
model, additional frequency-sweep analysis has been conducted
over 1-10 Hz at displacement amplitudes of 20, 40, and 60 mm.
The plotted RMSEcwa varies across operating conditions and
does not increase monotonically with frequency or displace-
ment amplitude. Fig. 11 shows the trend of RMSE¢md-

6.5 Hardware-in-the-loop bench validation

The controller is then tested on the HIL bench. The
setup includes the host PC, current amplifier, CDC damper,
and acquisition board, so practical effects such as driver delay,
bandwidth limitation, and sensor noise are now present. The
force sensor is still used only for offline evaluation.

Fig. 12 shows a representative HIL run. In Fig. 12a,
Fiactual follows the overall trend of Fipg. The largest devia-
tions appear near the force peaks and around direction rever-
sal, where current lag and fast state transitions become more
important.

The measured values are RMSE4qes = 111.9 N and
RMSEcma = 136.3 N. Although the HIL error is much larger
than the simulation error, the controller still reproduces the
main force trend, with a correlation coefficient of 0.981.

Fig. 12b compares the commanded current Iomq with the
applied current I,pp. A visible phase lag and some amplitude
attenuation appear during fast transients, and the current-
lag RMSE reaches 0.253 A. Fig. 12c shows the force residu-
als, whose largest spikes occur near the velocity zero cross-
ing. Fig. 12d presents the phase portrait, where the measure-
ment data scatter away from the ideal tracking line because of
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Table 4 Feedforward-control simulation performance of the four identification models

Maximum Mean absolute Correlation RMS current

Model RMSEqes (N) - RMSEema (N) absolute error (N) error (N) coefficient (A)
Globally synchronous 151.7 148.6 537.5 118.5 0.990 1.007
Basic hierarchical 218.0 216.5 358.1 185.3 0.997 1.332
Polynomial hierarchical 212.4 210.2 376.0 179.1 0.994 1.270
Saturation-mapped hierarchical 25.4 4.9 281.6 1.2 1.000 0.887

The best results are in bold
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Fig. 7 Comparison of root-mean-squared errors for differ-
ent modeling methods under multiple operating conditions
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Fig. 8 Box-plot comparison of force-prediction RMSE for
different identification methods under multiple operating
conditions

bench-side dynamics.

The saturation ratio remains low, which indicates that
one major error source is the amplifier dynamics rather than
the current ceiling itself. In the simulation, RMSE¢ma is only
4.9 N, whereas on the HIL bench it increases to 136.3 N. A
natural next step is therefore to introduce driver-side dynamic
compensation or current-loop refinement.

This interpretation is supported by an additional delay-
oriented analysis of the drive chain. When the current path
includes a first-order lag and pure delay, the same inverse
controller shows a clear increase in the force-tracking error; for
example, RMSEca rises from 4.9 N under the ideal path to
23.4 N for a representative case with a 5-ms lag and a 5-ms
pure delay. Under this condition, the current-tracking error is
about 0.225 A, close to the measured HIL value of 0.253 A.

15.35
15.30
N
15.25
15.20

5.15

RMSE,__ (N)

5.10
5.05

5.00

4.95

0.7 0.8 0.9 1.0 1.1 1.2 1.3
B

Fig. 9 Heat map of RMSE.,,,q under joint perturbations of
Bouc—Wen parameters 3 and ~

These observations indicate that the HIL degradation is not
caused solely by the static current—force mapping, but strongly
affected by amplifier and valve dynamics. Fig. 13 shows the
corresponding heat map. Future improvement may rely on
a Smith predictor for nearly constant delay, inverse-dynamics
prefiltering for first-order lag compensation, adaptive delay
compensation for varying delays, and further refinement of
the current loop using a joint model of the damper and drive
dynamics.

7 Conclusions

This paper presents a systematic workflow for CDC
damper force control, from bench characterization and dy-
namic modeling to real-time inverse force tracking. A four-
component force model incorporating elastic restoring force,
velocity-dependent viscous damping, Bouc—Wen hysteresis,
and compression-rebound asymmetry is established, and its 20
parameters are calibrated via a three-stage hierarchical iden-
tification procedure that exploits the force-dominance region
of each component. By decoupling the identification into elas-
tic, damping, and hysteretic-asymmetric stages, the princi-
pal physical mechanisms are faithfully retained, while the ill-
conditioning associated with direct global optimization is sub-
stantially alleviated. Ablation analysis further demonstrates
that the staged strategy is effective only when the complete
set of force mechanisms is preserved; removing the asymmetric
term leads to a marked deterioration in validation accuracy.

Introducing exponential saturation functions to parame-
terize the current-dependent coefficients, in place of conven-
tional polynomial maps, reduces the equal-weight identifica-

tion error from 0.155 to 0.079. This bounded, monotonic
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parameterization simultaneously improves model generaliza-
tion to the held-out operating-condition segments examined
here, because every coefficient map remains bounded over the
specified nonnegative current range.

Leveraging the identified model, a feedforward inverse
controller based on the Newton iteration with online Bouc—
Wen state reconstruction and passivity-based clipping achieves
a simulation tracking RMSEcna of 4.9 N, compared with
148.6 N for the globally synchronous model, without requiring
any real-time force sensor. Hardware-in-the-loop experiments
confirm that the proposed method achieves an RMSEcq of
136.3 N in the reported bench test under practical ampli-
fier bandwidth limitations and other bench-level non-idealities.
The primary residual error is associated mainly with drive-
chain dynamics, including amplifier transport delay, band-
width limitation, and current response lag, rather than damper

force saturation alone. Taken together, these results sug-

gest that the combination of mechanism-based hierarchical
identification and bounded inverse mapping may be explored
for other nonlinear actuators subject to comparable passivity
constraints.
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