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Abstract—The rollover status of a vehicle indicated by the
lateral load transfer (LTR) as the vehicle traverses over various
driving scenarios is critical in the implementation of antirollover
control procedures. The determination of LTR is often carried out
by the measurements of the roll angle, the lateral acceleration,
vertically acting suspension forces, etc. In all these measurements,
sensor faults may occur, which lead to a faulty computation of
the rollover status, raising a false alarm. In this work, a scheme
based on a robust higher order sliding-mode observer is proposed
to estimate the states of a nonlinear two-wheel vehicular system
affected by road disturbances, uncertainties in the height of the
vehicle’s center of gravity, and possible multiple sensor faults.
Applying the proposed approach, the unknown inputs and sensor
faults are reconstructed. To perform the estimations, adaptive
sliding-mode-based observers that do not require the knowledge of
the bounds of the uncertainties and unknown inputs are designed.
Consequently, the true rollover status of the vehicle is determined,
in spite of the presence of sensor faults. The validity of the proposed scheme has been assessed on the vehicle simulation software
CarSim as the vehicle undergoes a double lane change maneuver.
Index Terms—Rollover index, sensor fault, unknown inputs,
adaptive sliding mode.

I. I NTRODUCTION

T

HE regulation of extreme motion along the roll, pitch or
yaw directions for an automotive vehicle offers adequate
opportunities for the prevention of accidents. Extensive studies
and subsequent analysis have revealed rollover to be one of
the major causes of traffic accidents [1], [2]. Rollovers generally occur when a vehicle undergoes critical conditions [3]
comprising double lane changes or cornering at a high speed,
obstacle avoidance situations, extreme rough road conditions
etc. To prevent rollover, anti-rollover bars as well as various
active safety protocols [1] such as electronic stability program
(ESP), differential braking control, active suspension control
etc. have been implemented. The determination of the rollover
status in various driving scenarios with system affected by nonlinearities, disturbances, modeling and parametric uncertainties
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is an actively pursed domain in active rollover prevention and
control research.
Various approaches for the detection of an impending
rollover rely on the computation of the rollover index. The
rollover index can be defined as a measure of the rollover status
of the vehicle. Various types of indexes [4] such as Time to
Rollover (TTR), Static Stability Factor (SSF), Lateral Load
Transfer (LTR) have been considered. These indexes depend
on various factors such as roll angle, roll center of vehicle [4],
height of center of gravity of vehicle (C.O.G) [5], suspension
parameters, external road inputs [2] amongst others. They can
be broadly classified into tripped or un-tripped rollovers based
on whether the rollover is caused by external road inputs or
an extreme roll motion respectively. The work proposed in [4]
employed an observer-based technique for the estimation of
suspension roll center to determine a potential un-tripped
rollover condition as the vehicle approached a cornering situation. It was discussed in [1], with estimation of the roll angle
and measurement of the lateral acceleration a rollover index
could be computed. This approach was however limited as it
required the absolute knowledge of various vehicle parameters
such as sprung mass, track width, height of vehicle C.O.G
etc. Similar approaches employing higher order sliding mode
(HOSM) observers for unknown input estimation [6], [7] were
proposed in [2], [8] for determination of rollover status in case
of tripped rollover. In [2], the road disturbances were estimated
as unknown inputs and consequently a steering control action
was provided to mitigate the rollover for a heavy vehicle in real
driving conditions. The determination of a predictive rollover
index was discussed in [8] based on the estimated road inputs
using HOSM observers. Consequently a new rollover index was
proposed in [5] to determine the rollover status of the vehicle
both in un-tripped and tripped rollover cases. Extending the
work, a nonlinear observer-based approach was proposed in [9]
to estimate the aforesaid rollover index with an experimental
verification on a scaled vehicle.
The determination of the rollover index in any case relies
on the measurements which are generally roll angle, roll rate,
lateral acceleration, suspension stoke sensors etc. Under various driving conditions and practical constrains the sensors
measuring these quantities may be rendered faulty. In [10] a
linear-observer-based procedure was discussed to detect roll
rate sensor faults. The estimation of step sensor faults in the roll
rate sensor at different time intervals as the vehicle underwent
various driving scenarios was shown in this work. Similarly
in [11], a roll rate sensor fault detection scheme based on
an analytical redundancy approach was proposed. The work
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discussed the development of an approach to estimate the roll
rate sensor fault in the presence of model uncertainties during
various vehicle maneuvers. The sensor-fault-tolerant control
of a nonlinear full vehicle suspension system was proposed
in [12]. In this work, faults in the suspension stroke and rate
sensors were considered and the residual was computed using a
first-order sliding mode observer. The approaches in [10]–[12]
developed observer-based schemes to estimate sensor faults for
linear models only. Furthermore, these works did not consider
the implications of sensor faults on the computation of the
rollover index. The computation of the rollover index discussed
in works [1], [5] did not consider the nonlinear effect of suspension dynamics and the approach was affected by the presence
of vehicular parametric uncertainties. Similarly in [2], [8], it
was assumed that the vehicular roll motion was minimal and
hence the developed approach did not consider the cases of untripped rollovers. In all recent works [1], [2], [4], [5], [8], [9],
the detection of the rollover index in the presence of sensor
faults was not considered.
To address the issue of the computation of the rollover index
in the presence of sensor faults we develop an observer based
scheme for a 2-wheel vehicular system. The nonlinear vehicle
model affected by suspension spring, damper nonlinearities and
the roll nonlinearity is developed. Road inputs [13] under the
wheels act as external disturbances or unknown inputs to the
system. It is assumed that some of the states of the system
whose measurements are required to compute the rollover index
may be affected by different abrupt faults such as freeze, stick to
value, oscillation etc. To estimate the states of such a nonlinear
system, a transformation is developed [14] to decouple the original system into a subsystem affected by the unknown inputs
and a subsystem affected by uncertainties and sensor faults.
For the first subsystem, a HOSM observer based on adaptive
modified super-twisting algorithm (STA) [15]–[17] is proposed
to reconstruct the unknown inputs. The second subsystem is
then transformed on the assumption of detectability into an
augmented descriptor system [18] where the uncertainties and
sensor faults form the augmented states of the system. For this
augmented system, a descriptor sliding mode observer based
on adaptive first order sliding mode [19], [20] is then proposed
to estimate the states, uncertainties and sensor faults. The
convergence of the error dynamics is established employing
linear matrix inequalities leading to uniform practical stability. Employing the information of estimated states, unknown
inputs, uncertainties and sensor faults the rollover index is then
computed to indicate the true rollover status of the vehicle. To
the best of authors’ knowledge, this work is the first instance
where an approach to estimate the rollover index of the vehicle
under influence of nonlinearities, unknown inputs, uncertainties
and sensor faults has been proposed. The verification of the
proposed observer based scheme was performed in CarSimMatlab environment as the vehicle underwent a double lane
change maneuver.
II. M ODELING
The determination of rollover index in cases of extreme
driving (un-tripped rollover) and under the influence of external

Fig. 1. Vehicle vertical dynamics for the vehicle.

road inputs (tripped rollover) relies on the roll dynamics and
the suspension dynamics of the vehicle. For the development
of the model which leads to computation of both tripped and
un-tripped rollover indexes, the suspension and roll dynamics
are thus integrated to formulate a nonlinear model. The vehicle
model developed in this paper is for a 2-wheel car considering
the front wheels only, with independent suspension units which
are affected by nonlinearities, uncertainties and external inputs.
It has been assumed that the developed model can be replicated
for the rear wheels and the analysis of the complete vehicle can
be carried out with necessary adjustments.
A. Suspension Dynamics
The nonlinear suspension dynamics affected by the road
inputs are given as [9], [13]
ks
bs
zsul −
żsul + Frl
z̈sur = −ks M zsur − bs M żsur −
ms
ms
1
− Fnr +
Ftr
(1)
mu
ks
bs
zsur −
żsur − Frl
z̈sul = −ks M zsul − bs M żsul −
ms
ms
1
− Fnl +
Ftl
(2)
mu
with M = (ms + mu )/ms mu . A 2-wheel vehicle suspension
system model for right and left suspension is shown in Fig. 1.
The suspension displacements/strokes for the right and left
sides are denoted by zsur (zs − zur ) and zsul (zs − zul ) respectively where zs denotes the sprung mass displacement
and zur , zul denote the un-sprung mass displacements. The
parameters żsur , żsul denote the stroke rates of the right and left
side suspensions. The sprung mass and unsprung mass of the
vehicle is denoted by ms and mu respectively. The suspension
spring and damper parameters are given by ks which is the
spring stiffness and bs which represents the damper coefficient.
The effect of the roll motion on the suspension dynamics is
represented by Frl and given as [5], [9]
Frl =

ks ls
b s ls
sin φ +
φ̇ cos φ
2mu
2mu

(3)
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where ls denotes the distance between the left and right suspension, φ and φ̇ denote the roll angle and the roll rate respectively.
The effect of the suspension spring and damper nonlinearities
[13] can be expressed as

3
+ bsnl |żsui |sgn(żsui )
(4)
Fni = ksnl zsui
with i = r, l. The nonlinear coefficients of the spring stiffness
and damper coefficient are denoted by ksnl and bsnl respectively.
The effect of the road disturbances [8] affecting the suspension
unit is given by
Fti = kr (zui − ξi )

(5)

where zui is the unsprung mass displacement for the right/left
suspension, kr is tire stiffness and ξi denotes the external road
input. In this work it has been assumed that the interaction
between the vehicle tire and the road is based on point contact
by considering a single point contact (SPC) tire model. To
improvise evaluation of vertical forces affecting the contact area
of the tire in real driving scenarios, the flexible roller contact
(FRC) [21] tire model can be considered.
Remark 1: In the considered suspension dynamics, it is
assumed that the dynamical parameters of the left and right
suspension, i.e. the sprung stiffness, damping and tire stiffness
are identical. It is also assumed that the unsprung mass of
the left and right side is same. However the road disturbances
affecting the left and right wheels are different which results in
different vertical forces for each wheel.
B. Roll Dynamics
The motion of the vehicle about its longitudinal axis results
in a roll action governed by its suspension and its roll dynamics.
The deflections in suspension components generate a moment
which is partially responsible for the roll motion. With the
vehicle traversing along various roads such as a straight road,
S-curved road, U-turn etc., the lateral acceleration of the vehicle
generates a moment which also contributes to the effective roll
motion. The effective roll motion of the vehicle is thus due
to the combined effects from the suspension motion and the
vehicle lateral motion. The nonlinear roll dynamics [9], [23] of
the vehicle are thus given as
φ̈ =

b s ls
ks ls
(zsur − zsul ) +
(żsur − żsul )
2Ixx
2Ixx
+

ms ay (hr + Δhr )
ms g(hr + Δhr )
sin φ +
cos φ + Fs
Ixx
Ixx
(6)

where Ixx is the equivalent roll inertia, hr is the height of
center of gravity (C.O.G), ay is the lateral acceleration, g is the
acceleration due to gravity and Δhr represents the parametric
uncertainty in the height of C.O.G. The motion of the vehicle
over various curvatures leads the vehicle C.O.G to shift continuously. It is thus very difficult to precisely determine the accurate
position of the height of C.O.G, hr for a moving vehicle [23].
For such maneuvers, to analyze the effect of varying uncertainty
in height of C.O.G, Δhr has been considered. The coupled

3

nonlinear moment generated due to the suspension on roll
moment is given as [9]
Fs = −

ks ls2
bs ls2
φ̇ cos φ.
sin φ −
2Ixx
2Ixx

(7)

In the developed roll dynamics (6) it can considered that the
effect of the nonlinear lateral tire forces and unknown inputs
affecting the lateral motion such as road bank angle, road friction, crosswinds etc. are represented by the lateral acceleration
of the vehicle. This assumption is generally valid for maneuvers
where the effects of these factors are minimal. However, to
effectively replicate the effects of these factors on the roll
dynamics for severe maneuvers, accurate modeling of these
factors and representation in the integrated dynamics needs to
be considered for analysis.
C. Rollover Index
Rollover index relates to the rollover status of a vehicle
caused either by an extreme lateral acceleration or by external
road inputs tripping the vehicle. These indexes are computed
from the lateral acceleration, roll motion, vertical tire forces etc.
and indicate the lateral load transfer when the vehicle undergoes
a transient maneuver. The rollover index which can detect both
un-tripped rollover and tripped rollover is given as [5], [8]
Rv =

Fzr − Fzl
Fzr + Fzl

(8)

with Fzr and Fzl denoting the vertical tire forces on the right
and left sides respectively, given as
ms
Fzi = −Fti + mu g +
g
(9)
2
i = r, l. The index Rv is dependent on the external road inputs
which affects the suspension motion. Since the suspension
dynamics are influenced by the roll dynamics, the effect of
lateral acceleration is also considered by this index. The index
Rv on attaining the maximum values of ±1 indicates that
vehicle rollover has occurred. When the vehicle traverses along
a smooth straight road with no external road input, then the
lateral acceleration and the roll angle are negligible. Further
in such a case the vertical tire forces on left and right side
are equal i.e. Fzr = Fzl . Thus the index is zero i.e. Rv = 0,
which signifies that there is no rollover risk. Considering the
case where external road inputs are present while the vehicle
traverses at a steady rate of lateral acceleration, a rollover
condition may arise when one of the wheels lifts off. In such
a case, either Fzr or Fzl equals zero, which leads to Rv = ±1
and hence rollover can be detected.
D. Integrated Model
By integrating the dynamics of the suspension system and the
roll effects (1)–(7) we can now formulate a nonlinear dynamic
model with the states of the system as
T

x2
x3
x4
x5
x6
x = x1

T
= żsur
żsul
zsur
zsul
φ
φ̇ .
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The nonlinear system affected by the system nonlinearities
ϕ(x, u, t), the unknown inputs ξa , uncertainties Δ(t) and the
sensor faults ξs can be expressed as

ẋ = Ax + Bϕ(x, u, t) + Eξa (t) + F Δ(t)
(10)
y = Cx + Dξs (t)
where,

⎡
⎤
bs
ks
−bs M − m
−ks M − m
0
0
s
s
⎢ − bs −bs M − ks −ks M 0
0 ⎥
ms
⎢ ms
⎥
⎢ 1
0
0
0
0
0 ⎥
⎥
A =⎢
⎢ 0
1
0
0
0
0 ⎥
⎢
⎥
⎣ 0
0
0
0
0
1 ⎦
bs ls
bs ls
ks ls
ks ls
− 2I
− 2I
−a56 −a66
2Ixx
2Ixx
xx
xx
⎡
⎤
T
I2×2 02×1
1
0 01×4
F
B = ⎣03×2 03×1 ⎦ , E = mu 1
, ξa = tr
0 mu 01×4
Ftl
01×2
1


T
T
ϕ(x, u, t) = ϕa ϕb ϕc , F = 01×5 1 , Δ(t) = Δa
where a56 and a66 are coefficient terms added to maintain linear
observability of the corresponding linear non perturbed system.
The nonlinearities affecting the system dynamics in (10) are
given as
⎧
ϕa = Frl − Fnr
⎪
⎪
⎪
⎨ϕ = −F − F
b
rl
nl
(11)
ks l2s
bs l2s
ms ghr
⎪
φ̇
cos
φ
+
ϕ
=
−
sin
φ
−
sin
φ
c
⎪
2I
2I
I
xx
xx
xx
⎪
⎩
m a h
+ sIxxy r cos φ + a56 + a66 .
The external road inputs affecting the system act as unknown
inputs denoted as Ftr and Ftl . The effect of the uncertainty in
the height of C.O.G of the vehicle is given as
1
1
ms gΔhr sin φ +
ms ay Δhr cos φ.
(12)
Δa =
Ixx
Ixx
E. Sensor Faults
With the system model formulated, the outputs considered
for the estimation of unknown inputs and the rollover index Rv
are suspension strokes for the left and right suspensions, stroke
rates for the left and right suspension and the roll angle. Hence
the output matrix can be formulated as
I
C = 4×4
01×5

04×2
1

.

(13)

5×6

The measurements considered in this work such as the suspension strokes, on the left and right side of the suspension are
easily measurable using LVDT sensors [8] and other position
sensors such as liner potentiometers, magnetic contact less
sensors [24] etc. Further velocity transducers can also be employed for measurement of the stroke rates. There also exist
other sensor-less approaches to determine the suspension stroke
generally referred to as software sensors. Employing these
approaches as discussed in [25], [26], the stroke signal can be
estimated using the information obtained from other commonly
available sensors such as accelerometers. Measurement of the
roll rate angle can be easily obtained from gyroscopes. The

roll angle is not considered as an output since its measurement
using an inclination/angle sensor is expensive [23]. In practice,
the roll angle is often obtained by the integration of the roll rate
signal or from a kinematic relationship using the lateral acceleration sensor. The objective of this work is the evaluation of the
rollover index in (8) in the presence of sensor faults. It is thus
assumed that the following scenarios of sensor faults can arise
1) The roll rate sensor is faulty, affecting the roll and subsequently the suspension dynamics, leading to a faulty
computation of Rv .
2) The suspension stroke sensors are faulty such that unknown inputs cannot be estimated and hence there are
problems in computing Rv .
3) One of the stroke sensors and the roll rate sensor are
faulty such that Rv cannot be computed.
In the first case when the roll rate sensor is faulty [11], it
can be seen easily from the dynamics in (6), that the roll angle
estimation is affected. Also the estimation of the unknown
inputs will be affected as the roll dynamics play a significant
part in the suspension dynamics. The faults in roll rate sensor
can range from sticky signal fault (i.e. signal value is constant)
to mechanical and electrical biases [11]. Similarly a fault in the
suspension stroke will affect the estimation of the suspension
stroke and consequently the unknown inputs estimation [12].
The objective is to design an observer based technique such that
the unknown inputs can be estimated in the presence of sensor
faults and hence rollover index Rv can be efficiently computed.
III. O BSERVER D ESIGN
In this section the design of observers for the estimation of
the states of the integrated nonlinear system (10) is discussed.
Applying the proposed observers, the reconstruction of the
unknown inputs Ftr and Ftl , in the presence of uncertainty Δhr
and the sensor faults ξsa and ξsb is also shown. To achieve
the state estimation a combination of two adaptive sliding
mode observers have been proposed. To facilitate the observers’
design, the following assumptions [14] need to be fulfilled:
Assumption 1: The following group of assumptions lay
down the prerequisite structural conditions for the modeled
system (10)
1) The unknown input, uncertainty and fault matrices, i.e.,
E, F and D are full rank.
2) The total number of measurements is greater than/equal
to the sum of the number of unknown inputs, sensor faults
and uncertainties.
3) The triple (A, E, C) is minimum phase, i.e., there is non
zero on the R.H.S of the s-plane.
4) For reconstruction of unknown inputs, the matching condition [27], [28] is satisfied i.e. rank(CE) = rank(E).
Assumption 2: To ensure that the unknown inputs can be
estimated without any influence of uncertainty, it is considered
that, Im(E) ∩ Im(F ) = {0}.
Assumption 3: The unknown inputs ξa , sensor faults ξs and
uncertainties Δ are all bounded with norm-bounded first order
time derivatives and the bounds are not known a priori.
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For the integrated nonlinear system developed in (10), it can
be verified that the distribution matrices E, F and D are all
full rank. In this work, considering both single and multiple
fault cases as discussed earlier, the maximum number of sensor
faults ξs is 2. Hence the sum of the number of unknown inputs,
uncertainties and sensor faults in any case will be 5. As shown
in (13), the total number of outputs (five) is greater/equal to
the total sum of unknown values. Further it can be verified that
the triple (A, E, C) has no zero on R.H.S of s-plane. Also it
can be deduced that the matching condition for reconstruction
of unknown inputs holds i.e. rank(CE) = rank(E) = 2. It is
thus shown that Assumption 1 is satisfied for system (10). The
uncertainty Δa affects the roll rate while the unknown inputs
Ftr and Ftl affect the stroke rates as seen from (10) dynamics.
Hence, the unknown input and uncertainty matrices, i.e., E
and F are linearly independent, thus satisfying Assumption 2.
It can be deduced from (5)–(12) that the unknown inputs and
uncertainty affecting the state dynamics in (10) are function
of the states and vehicular parameters. Hence, the unknown
inputs, uncertainty and sensors are bounded with norm bounded
first order derivatives, satisfying Assumption 3. The following
lemma establishes the local Lipschitz continuity of the nonlinear function ϕ(x, u, t).
Lemma 1: For system (10),thenonlinear functionsϕa(x, u, t),
ϕb (x, u, t) and ϕc (x, u, t) can be justified as Lipschitz with the
Lipschitz constant Lϕa , Lϕb and Lϕc respectively.
Proof: The nonlinear function ϕm (x, u, t) can be written
kls
as ϕm = ϕ11 − Fni , where m = a, b and ϕ11 = 2m
sin φ +
u
bs ls
2mu φ̇ cos φ. The nonlinear function Fni is a function of the
suspension states (zsui , żsui ) which are bounded. The Lipschitz
constant of Fni can be easily determined as Lni . For further
details refer [13]. For the nonlinear function ϕ11 , it can be
deduced that it is a function of the roll angle and roll rate of
the system (10). Since, the states are bounded, its Lipschitz
continuity can also be determined as Lϕ11 . The total Lipschitz
continuity of the nonlinear function ϕm can be thus computed
as Lϕm . To determine the Lipschitz continuity of the nonlinear
function ϕc (x, u, t), the Jacobian can be evaluated. It can be
deduced that the function is always continuous and bounded as
it is a function of the physical states of the system. Hence its

Lipschitz constant can determined as Lϕc .
With Assumptions 1–3 satisfied for system (10), a transformation is developed for the design of observers to estimate
the states, unknown inputs and uncertainty in the presence of
sensor faults. The transformation decouples system (10) into
two subsystems S1 and S2 , where the unknown inputs appear
only in subsystem S1 and the uncertainty appears along with the
sensor faults in S2 . In this work, for the case of exposition, the
transformation is formed by visual exposition. It can be easily
deduced from (10) that the unknown inputs, uncertainty and
sensor faults are already decoupled. Hence the two subsystems
can be written as

ż1 = A1 z1 + A2 z2 + B1 ϕ1 (z, u, t) + E1 ξa
(14)
S1
y1 = C1 z1

ż2 = A3 z1 + A4 z2 + B2 ϕ2 (z, u, t) + F2 Δ
S2
(15)
y2 = C2 z2 + D2 ξs

5

with the transformed states as
T


x2 , z2 = x3
z1 = x1

x4

x5

x6

T

.

The state matrices are given as




bs
ks
0 0
−bs M − m
−ks M − m
s
s
A1 =
, A2 =
bs
ks
−m
−m
−bs M
−ks M 0 0
s
s

T
bs ls
1 0 0 2I
1 0
0
xx
A3 =
, B1 =
, B2 = 3×1
bs ls
0 1
1
0 1 0 − 2I
xx
⎡
⎤
0
0
0
0
1
⎢ 0
⎥
0
0
0
⎥ , E1 = mu 01
A4 = ⎢
⎣ 0
⎦
0
0
1
0 mu
ks ls
ks ls
−
−a
−a
56
66
2Ixx
2Ixx
ξa =

Ftr
0
ϕ
, F2 = 1×3 , ϕ1 = a , ϕ2 = ϕc .
Ftl
1
ϕb

The output matrices for both the subsystems are given as
C1 =

1
0

0
I
, C2 = 2×2
1
01×3

02×2
.
1

The sensor fault distribution matrix D2 varies as per the sensor
fault(s) considered. As discussed earlier, the sensor faults which
can occur are a single fault affecting the stroke sensors, multiple
faults affecting the stroke sensors and multiple faults affecting
the stroke and roll rate sensors. In this paper, we have considered the case where the multiple sensor faults ξsa and ξsb affect
the suspension strokes and the roll rate sensors respectively.
Hence the sensor fault distribution matrix can be given as
D2 =

d11
0

d12
0

0
d21

T

where d11 , d12 and d21 are coefficients of the fault distribution
matrix D2 . The following sections deals with the observer design for this case only. However employing a similar approach,
observers can be designed to estimate the states, unknown
inputs and sensor faults for the case of single fault or faults
affecting the stroke sensors only.
Remark 2: In this work, to decouple system (10) faced
with unknown inputs, uncertainties and sensor faults into two
subsystems S1 and S2 , we have developed a transformation by
visual inspection. However for the general class of nonlinear
systems similar to (10), a nonsingular transformation T can
always be developed to decouple the system into a system
affected by unknown inputs and another system affected by the
uncertainties and sensor faults. For more details refer to [14].
A. Sliding Mode Descriptor Observer for Uncertainty and
Sensor Fault Estimation
In this section, a sliding mode observer is developed to
estimate the states, sensor faults and uncertainties. Initially,
subsystem (15) is transformed into a descriptor form where
the sensor faults and uncertainty act as the augmented states.
To perform this transformation, it its necessary that the
pair (A4 , C2 ) is detectable which can be established since
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Assumptions 1–3 are satisfied. Thus system (15) can be now
written in the following descriptor form with the states
T

Δa
(D2 ξs )T
xd = z2T
⎧

 −1
⎪
⎨Td ẋd = Ad xd + Bd1 y1 + Bd2 ϕ2 C1 y1 , z2 , u
(16)
+ Fd Δd
⎪
⎩
y2 = Cd xd
where

⎤
⎡
⎤
0
A3 C1 −1
0 ⎦ , Bd1 = ⎣ 0 ⎦
−I3×3
0
⎤
⎡
−1
δ
F2
0
I
4×4


0
I3×3 , Td = ⎣ 0
1
0⎦
Cd = C2
0
0
0
⎤
⎡ −1
⎡ ⎤
0
δ F2
B2
δΔa + Δ̇a
0 ⎦ , Δd =
Fd = ⎣ 1
, Bd2 = ⎣ 0 ⎦
ξs
0
D2
0

⎡
A4
Ad = ⎣ 0
0

0
−δ
0

with δ > 0 being any positive value. With the augmented
descriptor system formulated as (16), an adaptive sliding mode
observer is then proposed to estimate the states, uncertainties
and sensor faults. To develop the observer we introduce the
following two lemmas [18].
Lemma 2 [18]: A gain matrix H1 exists such that the matrix
Sd = Td + H1 Cd is nonsingular. It can also be established
that Cd Sd−1 H1 = I3×3 and Ad Sd−1 H1 = −Gd where Gd =

T
0
0
I3×3 .


δI4×4 + A4
F2
Lemma 3 [18]: With rank
= 5,
C2
0
there is a gain matrix H2 such that the matrix Sd−1 (Ad − H2 Cd )
is Hurwitz.
Consequently a sliding mode observer can be now introduced
as follows
⎧
Sd q̇ = (Ad − H2 Cd )q − Gd y2 + Bd1 y1
⎪
⎪


⎪
⎨
+ Bd2 ϕ2 C1 −1 y1 , ẑ2 , u
(17)
⎪
+ κd Bd2 Md (y2 − Cd x̂d ) + Fd νd
⎪
⎪
⎩
x̂d = q + Sd−1 L1 y2 .
T

q is an auxiliary variable, x̂d = ẑ2T
Δ̂hr
(D2 ξ̂s )T are
the estimated states and the corresponding estimation error is


ez3 , ·, ·, ez6 , ehr , eξs = ezd = x̂d − xd .
(18)
To design the sliding mode observer, the sliding surface is then
chosen as
(19)

sd = Nd Cd ezd

where Nd is a matrix to be designed later. The design of the
robust sliding mode observer is given as
νd = −α sgn (sd ).
The adaptive gains are given as

βsd sgn (sd  −
α̇ =
μ
with α(0) > 0, β > 2, 0 <
constants.

d

d)

(20)

for β > μd
for β ≤ μd

Lemma 4: The considered robust first order sliding mode
term (20) has the adaptive gain α as defined in (21) with an
upper bound α∗ for all t ≥ 0 and for a positive constant Γ, it
can be written α∗ > Γ.
For proof refer [19], [20].
Theorem 1: For system (16) satisfying Assumptions 1–3 and
employing the observer (17)–(21), if there exist positive definite
matrices Rd and Qd such that

Bd2 T Sd−T Rd = Md Cd
(22)
FdT Sd−T Rd = Nd Cd
Rd Sd−1 (Ad − H2 Cd ) + (Ad − H2 Cd )T Sd−T Rd ≤ Qd (23)
and a parameter κd such that
κd >

L2ϕc
2λmin (Qd )

Then the estimation error ezd attains practical stability. Thus all
error trajectories converge to a finite boundary around the origin.
Proof: The error dynamics of the descriptor system (16)
and the observer (17) can be obtained as
ėzd = (x̂d − xd )
= Sd−1 ((Ad − H2 Cd )ezd + Bd2 (ϕ̂2 − ϕ2 ))
− Sd−1 (κd Bd2 Md Cd ezd + Fd (νd − Δd ))
where for the sake of brevity ϕ2 = ϕ2 (C1 −1 y1 , z2 , u) and ϕ̂2 =
ϕ̂2 (C1 −1 y1 , ẑ2 , u). To establish the convergence, the following
Lyapunov function is considered
1
(25)
Vd = ezd T Rd ezd + (α − α∗ )2
2
where Rd is a positive definite matrix that satisfies the conditions (22) and (23). The rate of evolution of the state trajectories
can be thus obtained as


V̇d ≤ ezd T Rd Sd−1 (Ad − H2 Cd ) ezd + (αe )βsd sgn(se )


+ ezd T (Ad − H2 Cd )T Sd−T Rd ezd
+ 2ezd T Rd Sd−1 Bd2 (ϕ̂2 − ϕ2 − κd Md Cd ezd )
+ 2ezd T Rd Sd−1 Fd (νd − Δd )
where αe = α − α∗ and se = sd  − d . Using the inequality
(23) and the Lipschitz conditions developed in Lemma 1 we can
write for the case Nd Cd ezd  ≥ d
V̇d ≤ −ezdT Qd ezd + 2Lϕc ezdMd Cd ezd 
− 2κd Md Cd ezd 2 + 2ΓNd Cd ezd  − 2αNd Cd ezd 
+ 2α∗ Nd Cd ezd  − 2α∗ Nd Cd ezd  + αe βNd Cd ezd .
Considering β > 2 and from Lemma 4 it can be expressed
V̇d ≤ −λmin (Qd )ezd2 + 2Lϕc ezd MdCd ezd 
− 2κd MdCd ezd 2
≤ − [ezd MdCd ezd ]

(21)

< 1 and μd > 0 are positive

(24)

λmin (Qd )−Lϕc
ezd
−Lϕc
2κd Md Cd ezd 

where Qd is a positive definite matrix. It can be deduced
λ (Q )
−lϕc
from (24), min d
> 0, which ensures that the
−Lϕc
2κd
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estimation error converges to a bound around the origin thus
ensuring uniform practical stability.

Remark 3: Note that the convergence of the error dynamics
for system (15)–(17) is established above under the assumption
that sensor noise is absent. This leads to boundedness around
the origin leading to practical stability. In the presence of
sensor noise, the convergence of the error dynamics can be
consequently established in a bound which is dependent on the
noise magnitude and sampling time.
Remark 4: The uncertainty in vehicle height C.O.G, Δa is estimated as augmented state of the descriptor system (16) by the
HOSM observer in (17). With the sliding mode attained, the real
estimation of the sensor faults is given as (D2 T D2 )−1 D2 T ξˆs .
B. Modified Adaptive STA Observer for Estimation of
Unknown Inputs
In the integrated system modeled in (10), the unknown
inputs Ftr and Ftl affects only the suspension strokes. For the
above subsystem (14) faced with unknown inputs, a HOSM
observer based on modified adaptive super-twisting algorithm
is proposed as follows:
ẑ1 = A1 ẑ1 + A2 ẑ2 + B1 ϕ̂1 + νu .

The robust sliding mode term is given as νu = νu1
where [15], [20]

νuj = −κj1 φ1 (ezj ) + ωj
ẇj = −κj2 φ2 (ezj )

(26)
νu2

T

,

(27)

where j = 1, 2 and φ1 (ezj ) = ezj +κj3 |ezj |1/2 sgn(ezj ), φ2 (ezj ) =
ezj + (κ2j3 /2)sgn (ezj ) + (3/2) κj3 |ezj |1/2 sgn(ezj ). The adaptive gains are given as [20]
 
μ
ωj 2j sgn (|ezj | − δj ) , if κj1 > δjm
(28)
κ̇j1 =
ζj
if κj1 ≤ δjm
κj2 = 2 j κj1

(29)

with κj3 , μj , δj , ζj , j , δjm and ωj are positive constants. The
estimation error dynamics for the subsystem ezu = ẑ1 − z1 can
be computed from (14) and (26) as
ėzu = A1 ezu +A2 (ẑ2 − z2 )+B1 (ϕ̂1 −ϕ1 )+νu −E1 ξa (30)


ez2 . For the proposed observer (26) the
with ezu = ez1
convergence of the error dynamics is established by the following theorem.
Theorem 2: For system (14) satisfying Assumptions 1–3, the
proposed observer (26) with the robust term (27) will ensure
that error dynamics {ezu = ėzu = 0} for the subsystem (14)
attains practical stability in a finite time.
Proof: For the simplicity of exposition, we consider only
the first state of subsystem (14) and prove the convergence of
the error dynamics. The error dynamics (30) for the first state
can be written in terms of the perturbation terms as
ėz1 = νu1 + θ1 (ez , t)

(31)

7



ezd . The perturbation term θ1 (ez , t) can be
with ez = ezu
expressed as θ1 (ez , t) = θ11 (ez1 , t) + θ12 (ez2 , ezd, t), with
θ11 (ez1 , t) = −bs M ez1 + (ϕ̂1 − ϕ1 )
θ12 (ez2 , ezd , t) = −

bs
ks
1
ez2 − ks M ez3 −
ez4 −
Ftr .
ms
ms
mu

The unknown input Ftr is the effect of the road disturbance on
the right wheel of the vehicle, which is bounded along with
its derivative by a priori unknown constant as established in
Assumption 3. Thus, it can be shown that the rate of variation
of the perturbation θ12 (ez1 , t) is bounded by a constant ρ12 .
With the Lipschitz constant for ϕ1 determined as discussed in
Lemma 1, the perturbation θ11 (ez1 , t) is norm bounded by a
scalar multiple ρ11 of the estimation error ez1 . Hence we can
write

θ
 11 (ez1 , t)  ≤ ρ11 ez1 
(32)


θ̇12 (ez2 , ezd , t) ≤ ρ12 .
The convergence of the error dynamics can now be established
as the boundedness conditions for the perturbation terms are
satisfied. Similarly the convergence of the error dynamics for

ez2 can be established. For further details, see [15].
Corollary 1: The convergence of the error dynamics ezu , implies that sliding mode is attained in finite time. Once the sliding
mode is attained i.e. {ezu = ėzu = 0}, the error dynamics can
be written as
0 = A2 (ẑ2 − z2 ) + B1 (ϕ̂1 − ϕ1 ) + νu − E1 ξa .
We can have as t → ∞,
A2 (ẑ2 − z2 ) + B1 (ϕ̂1 − ϕ1 ) → 0.
Thus, the road profiles on the right and left side of the suspension acting as the unknown inputs can be reconstructed as
⎧
t
⎪
1
⎪
⎨F̂tr ≈ ξ̂a1 = − mu κ12 φ2 (ez1 )dt
0
(33)
t
⎪
1
⎪
⎩F̂tl ≈ ξ̂a2 = − mu κ22 φ2 (ez2 )dt.
0

Corollary 2: With the states of the modeled nonlinear system
(10) estimated in the presence of the unknown inputs, sensor faults and uncertainties using the observers (17)–(26), the
rollover index Rv can now be easily computed as follows
R̂v =

F̂tl − F̂tr
−(F̂tr + F̂tl ) + 2mu g + ms g

.

(34)

IV. R ESULTS AND D ISCUSSION
The simulations were performed in an integrated CarSimMatlab environment on a Class E sedan vehicle. For different
driving maneuvers appropriate steering action was provided
from the CarSim environment. To show the effect of road
inputs, road roughness profiles were provided as inputs to the
vehicle. The vehicle model developed in this paper i.e. the
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TABLE I
E-C LASS S EDAN PARAMETERS

2-wheel model has lower degrees of freedom than the nonlinear
4-wheel vehicle model of CarSim. To ensure that real driving
scenarios are replicated, model matching of the developed
model with the CarSim model was performed. Thus for simulation purposes, driving conditions were considered where
the variations in pitch angle, bank angle etc. were negligible
such that discrepancies in the developed roll model and the
CarSim roll dynamics were minimal. Simulations were performed for various driving scenarios such as double lane
change, S-curve maneuver, handling courses etc. The simulation results for a double lane change (DLC) maneuver are
presented for illustration to demonstrate the effectiveness of the
proposed observer scheme.
A. Parameter Selection
The system parameters of the E class sedan vehicle considered are shown in Table I. In this work it has been considered
that the vehicle was driven at a constant speed of 40 km/hr as
it underwent a double lane change maneuver in the presence to
road inputs, uncertainties, nonlinearities. The steering input was
provided form the CarSim environment by setting it as Driver
path follower: Double Lane Change Tight. For the system
modeled in (10), the linear parameters introduced to maintain
observability for the corresponding linear nominal system were
designed as a56 = a66 = 1. As only the case where the stroke
sensors and the roll rate sensors have faults is considered in this
work, the sensor fault distribution matrix is given as
D2 =

−0.3
0

−0.2
0

0
−0.5

T

.

The initial conditions of the plant and observer were chosen
as x(0) = [0 0 0.001 0 0.001 0] and x̂(0) = [0 0 0
0 0 0] respectively. For the proposed modified adaptive STA
based observer in (26) for the estimation of unknown inputs,
the gains were chosen as ω1 = ω2 = 1200, μ1 = μ2 = 1,
δ1 = δ2 = 0.001, δm1 = δm2 = 0.01, ζ1 = 50, ζ2 = 25, 1 =
2 = 70, k13 = 0.011 and k23 = 0.005. For the design of
system faced with sensor faults and uncertainties, the gains H1
and H2 which satisfy Lemma 2 and Lemma 3 are given as
⎡
⎤T
0
0
0
0
0
5
0
0
H1 = ⎣0
0
0
0
0
0
10
0⎦
0
0
0
0
0
0
0
15
⎡
⎤T
10
0
0
0
−11
1
−1
−1
2
0
1
0
1
12
11 ⎦ .
H2 = ⎣ 0
0
0
1
−1
−1
0
0
1

Fig. 2. Rollover indexes Rv (a) under the effect of road inputs (b) under effect
of faulty sensors.

The gain κd necessary for removing the effect of the Lipschitz
nonlinearities is chosen as 60. Employing the above selected
parameters and gains for the proposed observer, the presence of
road profiles and sudden road inputs were simulated. To consider the effect of bumps, a step road input where ξl = 0.09 m
was considered between 2 s to 3 s. Similarly the effect of ditches
was shown by a step road input ξr = 0.08 m acting at the right
wheel from 4.5 s to 5.5 s. The rollover index Rv which is able to
capture the effect of road inputs and indicate the correct rollover
status for the vehicle is shown in Fig. 2(a). Fig. 2(a) compares
the rollover in the absence and presence of sudden road inputs.
It is significant to note that the vehicle motion was analyzed as
it underwent a DLC maneuver which often leads to un-tripped
rollover under extreme driving circumstances. The evaluation
of rollover index Rv can be done only if the information of
the road disturbances which are employed to determine Rv
can be obtained, i.e., if the measurements of the suspension
stroke, stroke rates and accelerations are available. If the above
measurements are faulty then the computed index Rv would be
incorrect. In this work, it was considered that the suspension
strokes and roll rate sensors were faulty. To replicate the nature
of faults we consider three cases, i.e., scaled output, no sensor
output or sticky sensor signal (signal freezes at particular
values) and oscillations in the sensor fault. For illustration
purposes, it was considered that the suspension stroke sensors
were affected by a case of sticky sensor fault where the sensor
signal drops to zero and the roll rate sensor is affected by
an oscillatory fault. The effect of the sensor faults on the
direct computation of the index Rv is shown in Fig. 2(b). It
can be seen that during the transient periods where sensors
are faulty, i.e., from 2 s to 3 s and 5 s to 6 s respectively,
the faulty rollover index Rv crosses the stability limits of
±1 while the vehicle has in reality not undergone any rollover.
The effect of the sensor faults on the respective measurements
is shown in Fig. 3. It can be seen from Fig. 3(a) that the
measurement signal zsul drops to zero between 2 s to 6 s owing
to the presence of the sticky signal fault, ξsa . Similarly the
roll rate measurement, φ̇ is affected by the sensor fault ξsb
leading to oscillations between 2 s to 5 s in its measurement as
shown in Fig. 3(b). The proposed observers in (17)–(26) were
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Fig. 3. Effect of sensor fault (a) ξsa on left side suspension stroke zsul (b) ξsb
on roll rate φ̇.

Fig. 5. State estimation (a) zsur (b) zsul (c) estimation errors ez13 × 10−4
and ez4 × 10−4 .

Fig. 4. State estimation (a) żsur (b) żsul (c) estimation errors ez1 × 10−3 and
ez2 × 10−3 .

employed to estimate the states, unknown inputs, uncertainties
and sensor faults. Employing the estimations, the true value
of the rollover index Rv was evaluated as shown in (34) even
in the presence of sensor faults. The estimation of the states
of the system (10) affected by nonlinearities, unknown inputs,
uncertainties and sensor faults is shown in Figs. 4–6. The norm
of the estimation error is shown in Fig. 7(a). It can be deduced
that practical stability is achieved as the error converges to a
defined bound. With the states of the system estimated as shown
in Figs. 4 and 5, the unknown inputs Ftr and Ftl can now be
reconstructed as discussed in (33) and shown in Fig. 7(b) and (c)
respectively. The gains κ11 , κ12 , κ21 and κ22 employed in the
observer (26) to estimate the unknown inputs Ftr and Ftl are
shown in Fig. 8(a) and (b). It can be seen that the gains are
adaptive in nature, changing as per the values of the road disturbance and are bounded. Using the proposed observer in (17),
the uncertainty Δa was also estimated and is shown in Fig. 8(c).
Further the estimation of the sensor faults ξsa and ξsb are shown

Fig. 6. State estimation (a) φ (b) φ̇ (c) estimation errors ez5 × 10−3 and
ez6 × 10−3 .

in Fig. 9(a) and (b). It can be observed from Figs. 4–9(a)
and (b) that the estimation of the states, unknown inputs,
uncertainties and sensor faults is accurate. Hence, the true
rollover index Rv was estimated as discussed in (34) and is
shown in Fig. 9(c). In this paper, we have considered that the
vehicle height of C.O.G, hr is uncertain which leads to the
modeled uncertainty Δa . The modeled system (10) consists of
many system parameters which leads to parametric uncertainty.
To justify the robustness of the proposed approach to parametric
uncertainty, a 10% random uncertainty in the sprung mass ms ,
the suspension spring stiffness ks , and the damper constant bs
was considered. Further the effects of tire pressure variations
also affect the vertical load acting on the wheels. The changes
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Fig. 7. (a) Norm of estimation error, ez (b) Estimated Ftr (c) Estimated Ftl .
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Fig. 9. Estimated sensor faults (a) ξsa (b) ξsb (c) Rollover index, Rv .

Fig. 10. Under parametric uncertainty (a) norm of estimated states (b) estimated rollover index.

V. C ONCLUSION & F UTURE W ORK

Fig. 8. The adaptive gains (a) κ11 × 102 and κ21 × 102 (b) κ12 × 104 and
κ22 × 104 (c) Estimated uncertainty, Δa .

in tire pressure can be replicated by variations in tire stiffness
[22]. To deal with tire pressure variations, a 10% random
uncertainty in tire stiffness kr was also considered. Under such
certain parameters, the states of the system were estimated. The
norm of the estimation error and the estimated rollover index
Rv under the effect of parametric uncertainties is shown in
Fig. 10(a) and (b) respectively. It can be seen that the estimation
of the rollover index is fairly accurate as the error converges to
a bound.

In this paper, an HOSM-observer-based scheme was proposed to estimate the rollover index of a vehicle while undergoing a double lane change maneuver. The vehicle model
developed in this work was affected by the road disturbances
as unknown inputs and the uncertainty in vehicle height of
C.O.G along with suspension and roll nonlinearities. The simulation was carried out under the conditions of sensor faults
in the suspension stroke and the roll rate sensor. The proposed
observer scheme in this paper estimated efficiently the states
of the system, the unknown inputs, uncertainty and sensor
faults leading to reconstruction of rollover index. In comparison
to previous literature, this work proposed the estimation of
rollover index under the influence of sensor faults and unknown
inputs simultaneously.
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In the future, the work done in this paper can be extended
to provide sensor fault tolerant anti rollover control after the
fault has been detected and isolated. The development of the
fault tolerant topology may be based on the predictive rollover
index determination as discussed in [8]. For implementation
of any fault tolerant control topology to prevent rollover, it is
intended that the full vehicular model incorporating yaw, steer
and lateral dynamics must also be considered along with the
roll dynamics. The methodology proposed and analysis done in
this work would help in estimation of the rollover index in the
presence of sensor faults.
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