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Abstract: 

This paper investigates the application of robust, nonlinear observation and control strategies, 

namely sliding mode observation and control (SMOC), to semiactive vehicle suspensions using a 

model reference approach.  The vehicle suspension models include realistic nonlinearities in the 

spring and magnetorheological (MR) damper elements, and the nonlinear reference models 

incorporate skyhook damping.  Since full state measurement is difficult to achieve in practice, a 

sliding mode observer (SMO) that requires only suspension deflection as a measured input is 

developed.  The performance and robustness of sliding mode control (SMC), SMO, and SMOC is 

demonstrated through comprehensive computer simulations and compared to popular alternatives.  

The results of these simulations reveal the benefits of sliding mode observation and control for 

improved ride quality, and should be directly transferable to commercial semiactive vehicle 

suspension implementations. 
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1 INTRODUCTION 

 

Active vehicle suspension systems were introduced in the early 1970’s to overcome the drawbacks 

of passive suspensions, namely the inherent tradeoff between ride quality and handling 

performance [1,2,5].  Despite their published benefits, these systems remain complex, bulky, and 

expensive and are not common options on production vehicles.  Semiactive suspensions overcome 

many of these limitations, albeit with a reduction in achievable ride quality and handling 

performance [1,2], though some researchers have concluded that this reduction is quite small [12].  

Semiactive suspensions can be considerably more cost effective, compact, and functionally simple 

as they require only a variable damper and a few sensors to achieve adequate performance.   

 

The recent introduction of commercial magnetorheological (MR) fluid dampers has enabled high-

bandwidth, low-power control of suspension damping forces with very few mechanical parts 

[13,17]. These semiactive components contain suspensions of micron-sized, magnetizable particles 

in an oil-based fluid.  In the presence of magnetic fields, these fluid particles become aligned with 

the field, dramatically increasing the fluid viscosity and effective damping.  Recently, Carerra has 

introduced MagneShocks™ [13] and Delphi Automotive Systems has introduced Magneride™, 

both using MR fluid technology to enable semi-active damping adjustments at frequencies up to 

1000 Hz.   

 

The performance of semiactive suspension systems relies heavily on real-time control strategies.  

Early research focused primarily on linear techniques, such as optimal control [15,18-20] and 

skyhook control [16,21-23].  However, vehicle suspensions contain dynamic nonlinearities 

associated with springs and dampers [4], sliding friction in joints [4,24], and suspension 

kinematics [25] which significantly affect ride quality and handling performance. Vehicle 
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suspensions are also subjected to parameter variations, like changes in damping and stiffness over 

extended time periods that adversely affect the robustness of many algorithms. 

 

For these reasons, recent semiactive control research has focused more on nonlinear control 

techniques.  Gordon and Best [26] extended previous nonlinear optimal designs to semiactive 

systems and incorporated dynamic parameter optimization.  Hedrick and Sohn [16] linearized the 

vehicle dynamics about an equilibrium point and applied skyhook control to control a semiactive 

MacPherson strut suspension.  Henry and Zeid [27] derived a sub-optimal nonlinear control law, 

but did not consider spring and damper nonlinearities.  Considerable research effort has 

concentrated on fuzzy logic, neural networks, and artificial intelligence techniques [14,28,29,30].  

The primary advantages of these systems is that complete knowledge of the model dynamics may 

not be required, and hence nonlinearities may be incorporated easily.  The primary drawbacks of 

such methods lie in the ad-hoc nature of their tuning and the inability to address robustness factors.  

 

Sliding Mode Control (SMC) is a highly effective nonlinear and robust control strategy.  It is 

insensitive to unmodeled dynamics and parametric uncertainties and has been used effectively in 

fields like robotics, aerospace, and automotive systems [31].  Kim and Ro [32] developed SMC for 

a nonlinear active suspension system and compared it to a self-tuning controller.  Results showed 

that SMC significantly improved robust tracking performance when vehicle parameters changed.  

Alleyne and Hedrick [33] used SMC for a nonlinear actuator in an active vehicle suspension 

system.  Hedrick et al. [34] demonstrated the effectiveness of SMC for MR semiactive suspension 

systems using a model following approach.  

 

This paper investigates the application of robust, nonlinear observation and control strategies, 

namely sliding mode observation and control (SMOC), to semiactive vehicle suspensions using a 
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model reference approach.  The vehicle suspension model includes realistic nonlinearities in the 

spring and MR damper elements, and the reference models are nonlinear versions of skyhook 

damping model.  Since full state measurement is difficult to achieve in practice, a sliding mode 

observer (SMO) that requires only suspension deflection as a measured input is developed.  The 

performance and robustness of sliding mode control (SMC), SMO, and SMOC is demonstrated 

through comprehensive computer simulations. The results presented quantify tracking errors 

between the plant and a skyhook reference model as a measure of performance, as skyhook models 

exhibit desirable ride quality and handling performance in most cases. 

 

2 SYSTEM MODELS  

 

This section summarizes the linear and nonlinear models used to describe the vertical vehicle 

suspension dynamics. 

2.1 Quarter-Vehicle Model 

The linear quarter-vehicle model (Figure 1) used routinely in the analysis and design of vehicle 

suspension systems [1,2,15,16,20] can be modified to include realistic nonlinearities associated 

with kinematics, bump-stops, stiction and hardening springs.   

 

Here xs and xu represent the sprung and unsprung mass absolute displacements, respectively, x0 

represents the road disturbance, ks and kt represent suspension and tire stiffness, respectively.  The 

suspension damping coefficient is the manipulated variable of the control system, and is thus time 

varying )(tb .  
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The suspension nonlinearities considered in this research include stiction, spring hardening and 

bump stops. Stiction is associated with Coulomb friction between the piston and cylinder, and 

occurs whenever the relative sliding velocity is zero and the static friction coefficient is 

significantly greater than the dynamic friction coefficient (Figure 2) [37,38].   

 

This model incorporates the static friction force Ds (defined only when the suspension’s relative 

velocity is zero) and the dynamic friction force Cs (for all other velocities): 

 

        stf  =   









+
≥=
<=

otherwisevb)vsgn(C
Df,0v)fsgn(D
Df,0vf

0s

saas

saa                                                         (1) 

 

where stf  represents the stiction force and af is the force applied to the damper. 

 

Spring hardening and bump stops were incorporated using the polynomial stiffness model (2) 

formulated by Kim and Ro [32] (obtained by curve fitting measured data from the 1992 Hyundai 

Elantra front suspension) : 

 

( ) ( )
( )3
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The nonlinear state equations for the semiactive, quarter-vehicle model are: 
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2.2 MR damper dynamics 

Damping forces in MR components are controlled by manipulating flux-producing coil currents.  

This approach is represented in the block diagram of Figure 3.  The desired damping coefficient 

bd(t) determined by the suspension control algorithm must be related to a coil control current, 

which depends on the nonlinear force-velocity characteristics of the MR damper.   The damping 

relationships used in this research (Figure 4) are based on a generic composite of high performance 

MR dampers used for vibration isolation and automotive semiactive suspensions [23,40].  The 

stiction characteristics (Section 2.1) are lumped into this composite MR damper model.  The 

steady-state damping coefficient bss(t) is both bounded and proportional to the applied current i(t):  

 ( ) ( )
( ) ( )tibtb

iti0btbb

0ss

maxmaxss0

µ+=
≤≤≤≤ and  for                                                                (4) 

 

Here µ is a constant that linearly scales the damping resulting from the applied coil current i(t).  

The steady-state current required to achieve the desired damping coefficient bd(t) is thus: 

 

( ) ( )
µ

0btb
ti d −

=                                                                                 (5) 

 

Although the response times of commercial MR fluids are relatively fast, phase lag is associated 

with the inductance of the control coils.  The dynamic response of a typical MR shock absorber 

can be modeled as first-order, linear, with a time constant τ of 1-10 ms [17,23,39]:  

 

( )
1s

bsb ss

+
=

τ
                                                                                     (6) 
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The static friction force Ds is assumed equal to the dynamic friction force Cs [23,40] which is time-

varying, bounded, and proportional to the applied current: 

 

( )
( ) ( )tiCtC

CtCC

ss

sss

ψ+=

≤≤

min

maxmin
                                                                             (7) 

 

 

3 CONTROLLER DEVELOPMENT 

 

High-performance control of semiactive vehicle suspensions is complicated by nonlinearities and 

uncertainties in the system dynamics and by the need for accurate state information.  For these 

reasons, practical implementations require nonlinear controllers and observers that are robust to 

uncertainties and disturbances.  In this section, a robust sliding mode controller is developed for 

the nonlinear, semiactive vehicle suspension system (3).  Ideally, this controller will be robust to 

parameter variations (so-called structured uncertainties) and unmodeled dynamics (unstructured 

uncertainties).  The controller is developed using a model reference approach that emulates the 

performance of the well-known skyhook damping model [21,23,32,34]. 

 

Advanced control strategies like model reference sliding mode control require knowledge of the 

absolute sprung mass velocity and displacement, states that are not readily measurable.  This fact is 

frequently overlooked in simulations, but cannot be ignored in vehicle implementations.  In this 

research, a robust observer is developed to provide state estimation using only measured 

suspension deflection as an input.  
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3.1 Model Reference Control 

Model reference control (MRC) is a strategy based on specifying the desired closed-loop 

performance through the selection of a stable reference model (Figure 5).  

 

In MRC, the plant output y is made to track a reference model output yr using feedback control u.  

Practical challenges to this approach are imposed by physical plant constraints [23,34], minimum 

phase plant requirements [47], and accurate knowledge of states and inputs that may not be 

measurable [32,44].  

 

3.1.1 Skyhook Reference Models 

An excellent reference model for semiactive vehicle suspension control can be derived from 

Karnopp's skyhook damping strategy [16,21-23]. An inertially grounded damper (the “skyhook” 

damper, bsky) provides damping proportional to the absolute velocity of the sprung mass.  A fourth-

order realization of this reference model (which assumes road inputs are known) is shown in 

Figure 6.  The nonlinear state equations for this reference model are: 

 

( )
( ) ( )0xxkxxbfxm

xbxxbfxm

urtursrssuru

srskyursrsssrs

−−−+=

−−−−=

DDDD

DDDDD
                                                            (8) 

 

Here ff st   and   are the nonlinear stiction and hardening spring relations defined in (1) and (2). 

Because these suspension nonlinearities significantly affect the achievable performance of 

semiactive suspensions, and because plant “followability” is an inherent requirement of MRC, this 

nonlinear skyhook model is a more suitable reference model than linear alternatives. 
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3.2 Sliding mode control 

Sliding Mode Control (SMC) is a high-performance, robust control strategy for uncertain nonlinear 

systems.  The control law consists of two components: a stabilizing equivalent control law ueq and 

a performance term up.  Model reference SMC is based upon the formulation of a “sliding surface” 

of tracking errors, such that perfect tracking is equivalent to remaining on this surface for all time.  

The performance term is discontinuous over the sliding surface, and governs the reachability and 

global asymptotic stability of the system.  The reference tracking errors e and sliding surface s(e,t) 

are defined: 

 

 ( ) ( )

( ) eee

e
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−

D
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r

1n
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where λ is a positive design scalar and xr(t) and x(t) represent the states of the reference model and 

the plant,  respectively.  A system remaining on such a sliding surface is said to be in “sliding 

mode” and has zero tracking error, as the unique solution to ( ) 0t,s =e  is ( ) 0t =e  [45].  This 

reduces a high-order tracking problem to a first-order regulator problem in s.  For the specific case 

of tracking a skyhook reference model, the sliding surface can be defined: 

 

( ) ( )[ ]
( ) eee

e
λ+=

−=
�ts

txtx ssr

,
                                                                              (10) 

 

where ( )txsr  is the sprung mass vertical displacement of the skyhook reference model. 

 

Constructing a control strategy so that the system is in sliding motion is accomplished by 

formulating a continuous feedback control law ueq and adding to it a discontinuous performance 

term up: 
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peq uuu +=                                                                                   (11) 

3.2.1 Equivalent Control law 

The equivalent control law is derived from the nonlinear state equations (3) and the defined sliding 

surface (10).  Neglecting the MR damper dynamics (6), the quarter-vehicle dynamics can be 

expressed: 

 

( ) ( ) ( )
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where u=b(t) is the desired damping coefficient determined by the controller, and: 
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Since ( )xf  and ( )xg  are not known precisely (due to parametric uncertainties and unmodeled 

dynamics),  SMC must assume that modeling uncertainties are bounded.  The additive plant 

uncertainties can be bounded by a constant (or known function) ( )x,xFF D=  [45]: 

 

( ) ( ) Fxf̂xf ≤−                                                                                (14) 

 

where ( )xf̂ and ( )xĝ  are uncertain models of ( )xf  and ( )xg .  The multiplicative plant 

uncertainties can be bounded by known functions (or constants) ( )x,xgg minmin D=  and 

( )x,xgg maxmax D=  [45]: 
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( ) maxmin gxĝg0 ≤≤<                                                                           (15) 

 

As shown in [45], it is advantageous to choose ( )xĝ  as the geometric mean of ming  and maxg :  

 

maxminˆ ggg =                                                                                (16) 

 

The equivalent control law is designed to maintain the system on the sliding surface in the absence 

of modeling uncertainties.  If ( )xf  and ( )xg  were known perfectly, equivalent control would be 

enough to keep the system (12) on the sliding surface for all time ( )t0s0s ∀=⇒= D .  With 

modeling uncertainties, however, the sliding condition can be determined by combining (10) and 

(12):  

 

( )

( ) ( )( ) e

e
eee

DDD

DDDDD

DDDD

λ

λ
λ

++−=

+−=
+=

uxĝxf̂x

xx
t,s

sr

ssr
                                                                  (17) 

 

The equivalent control law is thus: 

 

( ) ( )( )eDDD λ++−= −
sr

1
eq xxf̂xĝu                                                                     (18) 

 

3.2.2 Discontinuous performance term 

Uncertainties in  ( )xf  and ( )xg  may cause the system to leave sliding surface defined by (10).  

To ensure robustness, a discontinuous performance term up (also known as a switching term) is 

introduced. When the system leaves the sliding surface (i.e. 0≠s ), this term drives the system 

states back onto the sliding surface by making it attractive: 
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( ) ( )ssgnkxĝu 1
p ⋅−= −                                                                           (19) 

 

where sgn is the signum function defined by: 

 

( )
( ) 0s1ssgn

0s1ssgn
<−=
>+=

   if   
   if                                                                            (20) 

 

The switching gain k is generally a constant determined by the uncertainty bounds (14), but it may 

be time- or state-dependent.  In this research the switching gain is state-dependent, which allows 

for reduced control effort in areas where modeling uncertainties are small.  The condition on k for 

robust stability is: 

  

equgFk ˆ)1()( −++≥ αηα                                                                     (21) 

 

where minmax gg=α , F is defined in (14), and η is a strictly positive constant defined using the 

η-reachability condition  [31,45] : 

 

ss
dt
d η−≤2

2
1                                                                                 (22) 

 

It can be shown [45] that with this choice of switching gain, global asymptotic stability is ensured.  

Combining (11), (18), and (19) the SMC law is: 

 

( )( )[ ])sgn(ˆˆ 1 skxxfguuu srpeq −++−=+= − eDDD λ                                                    (23) 
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3.3 Sliding Mode Observation 

The SMC law (23) derived above requires accurate knowledge of the absolute sprung mass 

displacement and velocity, since these variables are used to formulate the sliding surface.  These 

measurements are not readily attainable on a moving vehicle, however, hence for this research a 

Sliding Mode Observer (SMO) was developed.  SMOs enable robust, accurate estimation of 

system states for nonlinear, uncertain systems where conventional observers or Kalman filters 

perform poorly [8,27].  

 

3.3.1 SMO Design 

For purposes of state estimation, the nonlinear state equations (4) can be expressed in the 

following form: 

 

( ) ( )
Cxy

t,xDfGxt,xBvAxx 0

=
+++=D                                                                 (24) 

 

where [ ]T
ssuu xxxxx DD=  represents the state vector, ( ) ( )( )su xxtbt,xv DD −=  represents the 

controlled damping force, sts fftxf +=),(  represents suspension nonlinearities, 0x  represents 

exogenous road inputs, and y represents the measured output (suspension deflection).  A and B are 

the system and input matrices, respectively.  G and D scale the exogenous road inputs and 

nonlinear system terms, respectively.  C is the output matrix.  

 

The block diagram in Figure 7 shows the structure of a conventional observer, in this case applied 

to the nonlinear state equations (3).  The actual plant output y is compared with the observed 

output, ŷ , and the error is used to update the observed states by means of the observer matrix L.  

For this nonlinear application, the separation principle [47] cannot be applied, thus closed loop 
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stability cannot be guaranteed. Given a nominal model of this plant, the nonlinear observer is 

represented by [41,42]: 

 

( ) ( ) ( )yyLtxDftxBvxAx ˆ,ˆ,ˆˆˆ −+++=D                                                                   (25) 

where: 

x̂  represents the estimated state vector u u s sˆ ˆ ˆ ˆx x x x 
 

� �                   

y     represents the actual plant output, in this case suspension deflection us xx −  

ŷ  represents the estimated plant output s uˆ ˆx x−  

L     is the observer matrix  

 

The L matrix can be designed [27] by placing the poles of the system matrix [A-LC] to achieve 

stable error dynamics. 

 

( ) ( ) 0o0o

o

Gxt,eDfeLCAe
ŷye

++−=
−=

D

                                                                     (26) 

 

This traditional observer structure cannot guarantee global asymptotic stability, robustness, or 

convergence in the presence of plant nonlinearities, parametric variations, and disturbances.  For 

this reason, a discontinuous performance term, similar to the SMC switching term in (19), is added 

for robustness:  

 

( ) ( ) ( ) ( )yyKyyLtxDftxBvxAx ˆsgnˆ,ˆ,ˆˆˆ 0 −+−+++=C                                                        (27) 

 

where K0 is the SMO switching gain matrix.  Typically K0 is designed using LQ techniques [41,43] 

or Nyquist criteria approaches [27,43].  In this research, the “circle criterion” approach has been 

used, resulting in the selection of GK ρ=0 , 0≥ρ  [27].  To avoid chattering, the performance term 
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( )yyK ˆsgn0 −  can be constrained to be continuous as long as the system states lie within a boundary 

layer defined by error limits between the measured and estimated output states: 

  








 −⋅=
φ

ŷysatKx op
                                                                              (28) 

 

where φ is the boundary layer width.  When the observer error exceeds this boundary layer width, 

the performance term becomes discontinuous.  The saturation term is thus defined to be: 
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
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φ
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φ yyyy
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ˆ
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Combining (25) and (28) results in the complete SMO law: 

 

( ) ( ) ( )

x̂Cŷ

ŷysatKŷyLt,x̂Dft,x̂Bvx̂Ax̂ 0

=








 −+−+++=
φ

�                                                    (30) 

 

The structure of this robust observer is illustrated in Figure 8. 

 

4 SIMULATIONS 

 

Extensive computer simulations were conducted to evaluate the effectiveness of sliding mode 

observation and control for semiactive vehicle suspensions.  These simulations utilized vehicle 

parameters and road input data from other authors to facilitate direct performance comparisons.  

Performance was quantified based on direct comparisons of sprung mass motion with respect to 

the skyhook reference model.  These simulations are divided into different sets, each with separate 



 

 

16

objectives, as summarized in Table 1.  The following sections detail these computer simulation 

sets.  

 

4.1 Vehicle and road parameters 

The vehicle suspension parameters were assumed to be those of a 1992 Hyundai Elantra, as 

outlined in Ro and Kim [32] (Table 2).  

Road input data was also taken from the literature to facilitate performance comparisons.  

Specifically, the harmonic inputs, filtered white noise, and actual road measurements found in Hać 

et. al. were implemented for simulations [18,46].   

 

4.2 Controller parameters 

The  SMC law (23) utilizes a controller gain k that can be constant or state dependent.  In either 

case, its magnitude is based on assumed uncertainty bounds between the model and actual vehicle.  

For these simulations, the additive plant uncertainties ( )ff ˆ−  were assumed to be bounded within 

30%:  

 














−−

+
−== )(03.0ˆ3.0 uxsx

sm

b

sm
stFsf

fF ��
                                                          (31) 

 

Similarly, multiplicative uncertainties associated with ĝ  were assumed to be bounded within 30%: 
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                                                                         (32) 

 

SMC design parameters η and λ, defined in (17) and (22), were tuned for optimal performance 

over a wide range of road inputs:  

 

120;1 == λη                                                                               (33) 

 

4.3 Simulation Set I: Fixed-Gain vs. Variable-Gain SMC 

To investigate the performance implications of variable-gain SMC, simulations were conducted 

using fixed and variable switching gains k in the performance term (19).  Performance indices J1  

and J2 are reflect tracking error between the plant and the skyhook reference model:   

 

( ) ( )( )
NT

iTyiTy
J

N

i
ref∑

=

−
= 1

2

1
                                                                      (34) 

 

( ) ( ) 3
2 10max ⋅−= iTyiTyJ refi

                                                                (35) 

 

Performance index J3 is based on sprung mass acceleration and suspension displacement:   

 

( ) ( ) ( )( )[ ]∑
=

⋅−+=
N

i
uss TiTxiTxiTxJ

1

22
3 ρCC                                                          (36) 

 

For these simulations, ρ = 100,000 was selected to appropriately weight each component of J3.   
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A fixed switching gain of k = 10 was selected based on the peak of variable-gain simulations for a 

variety of road inputs.  Fixed-gain simulation results revealed adequate tracking performance, 

especially for  road inputs that resulted in moderate to large suspension deflections.  In these cases, 

the sprung mass response closely resembled that of the fourth-order, nonlinear skyhook reference 

model (8).  For road inputs resulting in small suspension deflections, however, the tracking 

performance was noticeably reduced.   Figure 9 shows the controlled sprung mass response to a 

low-amplitude, white noise road input, with comparisons to the skyhook reference model and 

passive suspension responses.   Performance indices are summarized in Table 3, along with peak 

suspension travel and sprung mass acceleration data. 

 

Next, variable-gain SMC was evaluated.  The switching gain in (19) was assumed to be state 

dependent as described in (21): 

 

equgFk ˆ)1()( −++= αηα  

 

Variable-gain simulation results for the same white noise road input reveal significantly improved 

tracking performance vs. fixed-gain results, as illustrated in Figure 10.  This improvement is 

quantified by comparing performance indices J1  and J2 for each case (Table 3).  These results are 

typical for low-amplitude, high-bandwidth road inputs (resulting in small suspension deflections, 

moderate sprung mass accelerations), and are related to the “adaptability” provided by state 

dependent switching gains.  For larger-amplitude road inputs, the differences in performance were 

less significant.  Table 3 also shows that peak suspension travel and sprung mass acceleration were 

improved with variable-gain SMC (vs. fixed-gain SMC), although performance index J3 increased 

slightly.  All three indices were higher than the model reference and passive response cases, though 

well within acceptable levels.  
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Figure 11 shows the variations in switching gain k(t) and MR damper current i(t) over the course 

of this variable-gain SMC simulation, resulting in an average switching gain of k = 3.51.  The 

tracking performance was clearly superior to fixed-gain SMC (k = 10).  Additionally, the specific 

power consumption (calculated by integrating current) was ΩmW/ 6.24  (of MR damper coil 

resistance) less for variable-gain SMC than for fixed-gain SMC.  Similar results were obtained for 

other road inputs.  Figure (12) shows a magnitude spectrum (FFT) of the control current i(t) for 

this simulation.  This figure reveals that the required bandwidth of the MR damper is less than 100 

Hz for this road input.  Note that the MR damper time constant used in these simulations was 1.0 

msec, providing more than adequate bandwidth. 

 

These simulations clearly revealed the performance advantages of  variable-gain SMC, hence this 

control structure was utilized for all subsequent simulations.  

 

4.4 Simulation Set II: Sliding Mode Observation and Control (SMOC) 

The sliding mode observer structure introduced in Section 3.3 is repeated here for convenience: 

 

( ) ( ) ( )

x̂Cŷ

ŷysatKŷyLt,x̂Dft,x̂Bvx̂Ax̂ 0

=






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 −+−+++=
φ

C                                                        (37) 

 

The state matrices of this equation were specified to be consistent with previous simulations:  
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The observer feedback matrix L was designed to place the tracking error poles (26) at [-23.09 

± 70.58i , -21.16 ±  12.27i], resulting in L = [40 40 -40 -400]T.  The switching gain matrix and 

boundary layer width were set to GK0 = , 001.0=φ . 

 

To evaluate the performance of SMO, simulations were conducted for a variety of road inputs.  

Figure 13 shows that SMO estimate of sprung mass displacement is nearly indistinguishable from 

the actual state for a sinusoidal road input.  For comparison, this figure also shows the output of a 

nonlinear observer (without the performance switching term (28)), which is clearly inferior.  To 

separate observer performance from controller performance in this simulation, the observed states 

were not used by the controller (full state measurement was assumed). 

 

To quantify observer performance, two additional performance indices were specified based on the 

RMS and peak errors between actual outputs and observed outputs: 
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( ) ( ) 3
5 10ˆmax ⋅−= iTxiTxJ ssi

                                                                   (39) 

 

For the simulations shown in Figure 13, these indices reveal that the SMO performance is far 

superior to the conventional (non-switching) observer (Table 4).  Similar results were obtained for 

a variety of road inputs. 

 

Simulated performance using combined sliding mode observation and control (SMOC, using 

estimated state information for the control law) was also very good.  For continuously varying road 

inputs (sinusoids, white noise, etc.) SMOC provided excellent tracking, as illustrated in Figure 14.  

This performance is quantified using the performance indices J1  and J2 (Table 5), which reveal 

nearly indistinguishable performance between full-state, variable-gain SMC and SMOC.  These 

results are typical for continuously-exciting road inputs (white noise, sinusoids, etc.).  However, 

for sudden road inputs (bumps, steps, etc.) the suspension stiction frequently resulted in small (0-5 

mm) steady-state tracking errors that were not eliminated by control.  Table 5 also shows that peak 

suspension travel and sprung mass acceleration (and accordingly performance index J3) were high 

for all cases (including the skyhook reference model), but were considerably improved with SMC 

and SMOC when compared to the passive response.  

 

4.5 Simulation Set III: SMOC with Parametric Uncertainties 

The preceding SMO and SMOC simulations did not include parametric uncertainties in the state 

equations.  Although the variable switching gains were based on 30% bounds on additive and 

multiplicative plant uncertainties (14) and (15), these parameters remained at their nominal values.   

To investigate the effects of parametric uncertainties on observer performance and controller 

robustness, simulations were conducted using 10% and 25% variations in spring stiffness (ks1) and 
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sprung mass (ms), respectively.  These simulations revealed the benefits of the switching term (28), 

as observer performance was excellent, particularly for continuously varying road inputs (Figures 

15 and 16).   

 

Simulations were conducted to evaluate the performance implications of parametric uncertainties 

using combined sliding mode observation and control (SMOC).  Figures 17 and 18 show the 

performance of SMOC for sinusoidal and white noise road inputs, respectively.  The impact of 

parametric uncertainties can be evaluated by comparing Figure 17 to Figure 14 (without 

uncertainties).  This comparison makes it clear that the SMOC is robust to these uncertainties, as 

the performance is similar.  The performance to white noise inputs (Figure 18) is even better.  As 

before, performance is quantified using the performance indices J1, J2, and J3 (Tables 6 and 7), 

which reveal slight degradations from cases without uncertainties.  Tables 6 and 7 also show that 

peak suspension travel and sprung mass accelerations were high for the sinusoidal road inputs, but 

were considerably improved with SMOC when compared to the passive response.   

 

5 CONCLUSION 

 

Semiactive vehicle suspensions contain nonlinearities and parametric uncertainties that require 

robust nonlinear control for peak performance.  Additionally, the state information required for 

formulating a control law online is almost never available in practice.  While these issues are 

frequently overlooked in simulations [14,15,18,20], they cannot be overlooked in real-time 

implementations.       

 

In this research, the performance of sliding mode observation and control for semiactive vehicle 

suspensions was established through extensive computer simulations.  These comprehensive 
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simulations investigated the effects of suspension nonlinearities, parametric uncertainties, and state 

estimation.  Model reference SMC was implemented using a nonlinear skyhook reference model. 

Results showed that the suspension system was able to track the characteristics of the reference 

model with good accuracy. Simultaneously the bandwidth required by this control strategy was a 

fraction of the bandwidth available in a MR damper.   A sliding mode observer was designed and 

implemented.  It performed well for a variety of road inputs, even in the presence of parametric 

uncertainties.  The performance and robustness of combined sliding mode observation and control 

(SMOC) was confirmed through extensive simulations.  Performance benefits were more 

pronounced for large-amplitude, limited-bandwidth road inputs (sinusoids) than for low-amplitude, 

high-bandwidth inputs (white noise).    

 

The results of this research should be directly transferable to actual semiactive vehicle suspension 

implementations.  The effects of realistic nonlinearities, parametric uncertainties, unmeasurable 

states and road inputs have all been investigated through comprehensive simulations.  The results 

of these simulations reveal the benefits of sliding mode observation and control for improved ride 

quality. 
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Figure 1: Semiactive quarter-vehicle suspension model 
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Figure 3: Block diagram of semiactive suspension control system  
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 Figure 4: Steady-state damping characteristics of a composite MR damper 
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Figure 6: Fourth-Order Skyhook Reference Model  
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Figure 7: Structure of a conventional nonlinear observer  
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Figure 8:Sliding Mode Observer Structure 
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Figure 9: Fixed-gain SMC and nonlinear skyhook reference model responses (k=10): low-

amplitude white noise road input 
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Figure 10: Variable-gain SMC and nonlinear skyhook reference model responses: low-

amplitude white noise road input 
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Figure 11: Variable switching gain k(t) and control current i(t) - white noise road input 
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Figure 12: FFT magnitude plot of control current i(t)  
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Figure 13: Comparison of SMO, actual, and conventional (non-switching) observer state 
responses: sinusoidal road input 
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Figure 14: SMOC and skyhook reference responses: sinusoidal road input 
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Figure 15: Comparison of actual and SMO state responses with parametric uncertainties: 

sinusoidal road input  
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Figure 16: Comparison of actual and SMO state responses with parametric uncertainties: 

white noise road input 
 



 

 

44

0.5 0.75 1 1.25 1.5 1.75 2
-0.25

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25

Time (s)

S
pr

un
g 

m
as

s 
di

sp
la

ce
m

en
t (

m
)

SMOC
Skyhook Reference
Passive

 

Figure 17: Comparison of skyhook reference and SMOC responses with parametric 

uncertainties: sinusoidal road input 
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Figure 18: Comparison of skyhook reference and SMOC responses with parametric 

uncertainties: white noise road input 
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TABLES 
 

Table 1: Simulation Summary 

 Simulation Set Objective 

I Fixed-Gain vs. Variable-Gain SMC Evaluate implications of fixed and 

variable gain switching on SMC 

performance 

II Sliding Mode Observation and 

Control (SMOC) 

Evaluate the performance of sliding mode 

observation and control (SMOC) 

III SMOC with Parametric Uncertainties Investigate the impacts of parametric 

uncertainties on SMOC 
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Table 2: Nonlinear vehicle suspension parameters 

Parameter Description Value 

sm  Sprung mass 240  
kg 

1sk  
Linear 

suspension 
stiffness 

12394 N/m 

2sk  Nonlinear suspension 
stiffness 

-73696 
N/m2 

3sk  Nonlinear suspension 
stiffness 

3170400 
N/m3 

um  Unsprung mass 25 
kg 

tk  Tire stiffness 160000 
N/m 

0b  Nominal suspension 
damping 

193 
Ns/m 

sp bb =  Passive system damping 1385.4 
Ns/m 

maxb  Maximum system 
damping 

2633 
Ns/m 

 



 

 

48

 

Table 3: Comparison of fixed and variable gain SMC for white noise road input  

 Passive 
Damping 

Skyhook 
Reference 

Fixed- 
Gain SMC 

Variable-
Gain SMC 

Performance Index J1 3.92 0 0.89 0.70 

Performance Index J2 9.49 0 5.84 3.99 

Performance Index J3 55.15 45.51 68.99 59.16 

Peak Suspension Travel (cm) 5.38 5.89 6.96 6.84 

Peak Sprung Mass Acceleration (m/s/s) 9.88 8.99 14.41 12.24 
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Table 4: Comparison of SMO and conventional (non-switching) observers: sinusoidal road input 

Observer strategy J4 J5 

SMO 0.44 0.81 

Conventional 25.04 67.60 
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Table 5: Comparison of SMOC and full-state SMC performance: sinusoidal road input  

 Passive 
Damping 

Skyhook 
Reference 

Full-State 
SMC SMOC 

Performance Index J1 92.39 0 16.09 16.30 

Performance Index J2 165.47 0 39.47 39.71 

Performance Index J3 2106.67 1400.32 1690.50 1698.89 

Peak Suspension Travel (cm) 28.62 25.44 27.75 27.69 

Peak Sprung Mass Acceleration (m/s/s) 55.40 36.52 50.87 50.21 
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Table 6: SMOC performance with parametric uncertainties: sinusoidal road input  

 Passive 
Damping 

Skyhook 
Reference SMOC 

Performance Index J1 90.52 0 16.31 

Performance Index J2 162.52 0 37.92 

Performance Index J3 1706.23 993.83 1185.65 

Peak Suspension Travel (cm) 28.38 24.23 26.22 

Peak Sprung Mass Acceleration (m/s/s) 54.88 36.67 44.32 
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Table 7: SMOC performance with parametric uncertainties: white noise road input  

 Passive 
Damping 

Skyhook 
Reference SMOC 

Performance Index J1 3.79 0 1.03 

Performance Index J2 9.21 0 3.91 

Performance Index J3 55.15 49.70 63.93 

Peak Suspension Travel (cm) 5.38 5.86 6.75 

Peak Sprung Mass Acceleration (m/s/s) 9.88 9.97 13.63 

 

 


