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ABSTRACT This paper presents a new method to address issues associated with vehicle system state
estimation using an unscented Kalman filter (UKF) with considering full-car system and nonlinear tire force
under various international standards organization (ISO) road conditions. Due to the fact that practical road
information is complex and noise covariance cannot be treated as a constant, the influence of varying vehicle
system process noise variance and measurement noise covariance on the estimation accuracy of the UKF is
first discussed. To precisely estimate road information, a novel road classification method using measured
signals (vertical acceleration of sprung mass and unsprung mass) of vehicle system is proposed. According
to road excitation levels, different road process variances are defined to tune the vehicle system’s variance
for application of UKF. Then, road classification and UKF are combined to form an adaptive UKF (AUKF)
that takes into account the relationship of different road process noise variances and measurement noise
covariances under varying road conditions. Simulation results reveal that the proposed AUKF algorithm has
higher accuracy for state estimation of a vehicle system under various ISO road excitation condition.

INDEX TERMS State estimation, AUKF, process noise variance, measurement noise covariance, vehicle
system.

I. INTRODUCTION
Vehicle dynamics control system plays an important role in
vehicle performance. Control systems such as active suspen-
sion control system (ASC), active yaw control system (AYC)
and active front steering system (AFS) are especially useful
in improving the ride comfort and road handling [1]–[3];
However, some vehicle state such as sprung mass velocity,
unsprung mass velocity and roll rate are not easily obtained in
current vehicle control system. Closed-loop implementations
require a large amount of sensors, which make such systems
commercially unattractive due to the cost associated with the
sensors required. Accurate estimation of unmeasurable states
for controllable vehicle systems is critical to the success of
such systems and would reduce costs for economy cars [4].
Furthermore, accuracy of state estimation has a significant
effect on control. To accurately acquire state of a vehicle
system, many linear and nonlinear filtering approaches have
been utilized [5]–[8]. Among them, Kalman Filter (KF) is

among the most commonly used approaches to estimate vehi-
cle system state.

In 1960s, Kalman [9] first presented the KF approach to
solve discrete-time linear filtering problems. This method has
been widely applied in the field of vehicle system due to
its ability to provide optimal solutions and fast convergence
in a noisy environment. However, traditional KF can only
deal with linear systems. Vehicle systems are typically a
nonlinear system (e.g. spring stiffness, nonlinear tire force
and nonlinear damping ratio). As a result, improved methods
have been proposed for nonlinear filtering, such as extended
Kalman filter (EKF) and Unscented Kalman Filter (UKF).
Leung et al. [10] proposed an extended kinematic Kalman
filter (EKKF) with fuzzy logic control to estimate the vehi-
cle state. Results showed that higher accuracy was obtained
using the proposed method. Huang et al. [11] utilized EKF
and adaptive Kalman filter (AKF) to estimate a center of
gravity (C.G.) position for lightweight vehicles in real time.
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Experimental results indicated that the proposed method
achieved acceptable accuracy in estimating C.G. position.
Li et al. [12] proposed a new variable structure extended
Kalman filter integrated with a sideslip angle rate feedback
algorithm and damping to estimate sideslip angle on a road
with low friction. Results indicated that the proposed method
provided accurate sideslip angle to some extent for vehicle
stability control under a low friction road. Hong et al. [13]
used EKF and UKF to identify vehicle inertial parameters.
While, EKF required analytical linearization of the vehicle
model, UKF approximated parameter distribution with dis-
crete sigma points and propagated them through the original
nonlinear system. Simulation results illustrated superior per-
formance of UKF for vehicle inertial parameter identifcation.
Hashemi et al. [14] proposed a new Kalman-based observer
to address measurement uncertainties. This was achieved by
considering tire nonlinearities with a minimum number of
required tire parameters and road condition as uncertainty.
Longitudinal forces obtained by UKF for wheel dynamics
is employed as an observation for Kalman-based velocity
estimator at each corner. Results showed higher accuracy and
robustness of the proposed approach in estimating longitu-
dinal speed for ground vehicles. Liu et al. [15] proposed a
novel Adaptive Unscented Kalman filter (AUKF) based on
three data-fusing approaches to estimate system state. Exper-
iments demonstrated that AUKF reduced state estimation
error by approximately 65% to improve performance robust-
ness. Hong et al. [16] used a dual UKF to identify inertial
parameters and vehicle state. Simulations and experimental
results demonstrated robustness of the proposed approach on
a flat road with a constant tire–road friction coefficient.

In the methods presented above, process noise variance Q
and measurement noise covariance matrix R were selected
through empirical data or assumed to be constant, i.e. varia-
tions of the road were not taken into account. This is contrary
to real situations, where Q and R are variants and under
practical conditions, roads are complex and uncertain. The
main contribution of this paper lies in the consideration of
process noise variance and measurement noise covariance of
various road conditions and its corresponding relationship.
Additionally, a probabilistic neural network (PNN) classifier
is used to estimate road excitation level.

To deal with the above mentioned problems, the following
two aspects are taken into account:

• Relationship betweenQ andR variations onUKF perfor-
mance from observer perspective are comprehensively
analyzed;

• Concept of road estimation based AUKF is proposed
and its performance is compared to UKF under varying
driving conditions.

In this paper, influence of Q and R on estimation accuracy
of UKF is first analyzed. Also, imperative of road process
noise on estimation of suspension state is illustrated. Then, an
effective road classification method is introduced by combin-
ing time and frequency domain information from sprung and

FIGURE 1. Influence of vertical force on tire lateral force.

unsprung mass acceleration signals. Classification accuracy
of varied working conditions is compared. Simulation results
show that the proposed method can improve estimation accu-
racy compared to UKF. Based on the full-car nonlinear model
and road classification approach, Q and R are tuned and
are used to form the AUKF algorithm for improving overall
performance from observer perspective.

The rest of the paper is organized as follows. In Section II,
a full-car nonlinear model and road classification method are
studied. In Section III, a flow chart of the AUKF algorithm
is proposed to estimate state of vehicle system. In Section IV,
analysis of the vehicle system based on road classification
is performed using the AUKF method. Simulation results
show that the proposed AUKFmethod is more effective com-
pared with existing UKF approach. Additionally, the method
demonstrates importance of considering road level informa-
tion in the process of state estimation of a vehicle system.
Finally, conclusions are discussed in Section V.

II. SYSTEM MODEL
A. TIRE MODELING
The Magic Formula (MF) Tire Model established by Pace-
jka [17] is utilized here. MF is a commonly used tire model
which has a general form as shown below:

y = D sin[C arctan{Bx − E(Bx − arctan(Bx))}] (1)

Y (X ) = y(x)+ SV
x = X + SH (2)

where X is input state, which represents slip ratio or slip
angle; Y is output state and represents longitudinal force,
lateral force or aligning torque. Factors C , D, B and E are
usually derived from experiments. D is peak value of the
curve; Cdetermines shape of the obtained curve; B repre-
sents stiffness value of the curve; E represents curvature of
the curve; SH and Sv are offset values of input and output
states.

For the known MF model, performance of tire models for
the vehicle can be acquired as shown in Fig. 1.
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FIGURE 2. 9-DOF vehicle dynamics model. (a) Full-car dynamics
model (b) Lateral dynamics model (c) Roll dynamics model.

B. FULL-CAR DYNAMICS MODEL
In this section, a nonlinear vehicle model with road excitation
taken into consideration is presented. Various vehicle models
have been proposed to study vehicle dynamics [18], [19].
Due to the complexity and uncertainty associated with prac-
tical vehicle driving and road conditions, front and rear
coherence properties of a vehicle and the road can not be
ignored. A comprehensive and practical model of a nine
degree of freedom (9-DOF) full car is presented in this paper.
Schematic of a full car system with passive suspension is
shown in Fig. 2. This model includes 3-DOF for pitch, ver-
tical, and roll movement of the vehicle, 4-DOF for vertical
movement of unsprung masses, and 2-DOF for vehicle lateral
and yaw movement. Symbols used in Fig. 2 are listed in
Table 1. Parameters in Table 1 are from CarSim R© (C-Class,
Hatchback).

The 9-DOF dynamics model is developed based on the
following assumptions [17], [20].

1) There is no slip between the tires and road surface,
and influence of longitudinal force of the tires was not
considered.

2) Effect of air force was ignored.
3) Suspension deformation steering and change in steer-

ing wheel alignment parameters were ignored.

Based on Newton’s law, dynamics equations for a 9-DOF
full car model are as follow.

TABLE 1. Description of symbols used for 9-DOF full-car dynamics model.

a) Equation (3) expresses vehicle body vertical motion

4∑
i=1

Fsi = −msz̈s (3)

whereFsi is suspension force. Corresponding equations
can be obtained as follows.

Fs1 = −ks1(zb1 − zw1)− cp1(żb1 − żw1);
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Fs2 = −ks2(zb2 − zw2)− cp2(żb2 − żw2);

Fs3 = −ks3(zb3 − zw3)− cp3(żb3 − żw3);

Fs4 = −ks4(zb4 − zw4)− cp4(żb4 − żw4); (4)

and,

zb1 = zb +
B
2
sinφ − a sin θ;

zb2 = zb −
B
2
sinφ − a sin θ;

zb3 = zb +
B
2
sinφ + b sin θ;

zb4 = zb −
B
2
sinφ + b sin θ; (5)

b) Equation (6) is for unsprung mass vertical motion

mw1z̈w1 = −ks1(zw1 − zb1)− cp1(żw1 − żb1)

− kt1(zw1 − zr1);

mw2z̈w2 = −ks2(zw2 − zb2)− cp2(żw2 − żb2)

− kt2(zw2 − zr2);

mw3z̈w3 = −ks3(zw3 − zb3)− cp3(żw3 − żb3)

− kt3(zw3 − zr3);

mw4z̈w4 = −ks4(zw4 − zb4)− cp4(żw4 − żb4)

− kt4(zw4 − zr4); (6)

where Mxi, i = 1, 2, 3, 4 is vehicle roll moment.
c) Equation (7) is for vehicle body pitch motion

4∑
i=1

Myi = Iyiθ̈ = (Fs1 + Fs2)a− (Fs3 + Fs4)b

+ msghroll sin θ (7)

where Myi, i = 1, 2, 3, 4 is vehicle roll moment.
d) Equation (8) expresses vehicle body roll motion

4∑
i=1

Mxi = Ix φ̈ = (Fs2 + Fs4)
B
2
− (Fs1 + Fs3)

B
2

+mshroll(g sin θ + asy) (8)

where Mzi, i = 1, 2, 3, 4 is tire self-aligning moment.
e) Equation (9) expresses vehicle lateral motion

4∑
i=1

Fyi =
4∑
i=1

mwiawyi

= (Fy1 + Fy2) cos δf + (Fy3 + Fy4) cos δr ;

(9)

where Fyi, i = 1, 2, 3, 4, is tire lateral force.
f) Equation (10) is for vehicle yaw motion

4∑
i=1

Mzi = Izω̇ = b(Fy3 + Fy4) cos δr − a(Fy1 + Fy2)

× cos δf − B/2(Fy2 − Fy1) sin δr
−B/2(Fy4 + Fy3) sin δf (10)

If we assume vehicle system state and measurement output
vectors are chosen as:

x = [ẋb, θ̇ , φ̇, xb1 − xw1, xb2 − xw2, xb3 − xw3, xb4 − xw4,

ẋw1, ẋw2, ẋw3, ẋw4, xw1 − xr1, xw2 − xr2, xw3 − xr3,

xw4 − xr4]T ;

y = [ẍb, θ̇ , φ̇, ẍw1, ẍw2, ẍw3, ẍw4]T ; (11)

where fifteen states are velocity of vehicle body sprung mass,
pitch angle rate, roll angle rate, rattle space of left front side,
rattle space of right front side, rattle space of left rear side,
rattle space of right rear side, unsprung mass velocity of
left front side, unsprung mass velocity of right front side,
unsprung mass velocity of left rear side, unsprung mass
velocity of right rear side, tire deflection of left front side, tire
deflection of right front side, tire deflection of left rear side
and tire deflection of right rear side, respectively. Outputs are
acceleration of vehicle body sprung mass, pitch angle rate,
roll angle rate, unsprung mass acceleration of left front side,
unsprungmass acceleration of right front side, unsprungmass
acceleration of left rear side and unsprung mass acceleration
of right rear side.

Thus, state space equation can be further expressed as
follows.

ẋ = Ax+ Bu+ 0w (12)

y = Cx+ Du+ v (13)

where, A, B, 0, C and D are described in Appendix A; w
and v are vehicle system process and measurement noise,
respectively, which are assumed to be independent and
Gaussian.

Discrete-time formulation of the state-space represen-
tation can be expressed using Equation (14) and Equa-
tion (15) [5], [21], [22]:

xk+1 = 8xk + Euk + 0′wk (14)

yk = Hxk + Iuk + vk (15)

Then, k denotes the discrete-time instant k T, with T as
time step. In Equation (14) and Equation (15), 8 is a 15× 15
system transition matrix, x is a 15 × 1 state vector, E is a
15 × 4 state vector, u is a 4 × 1 state vector, 0′ is a 15 × 4
constant input matrix, yi is a 7 × 1 measurement vector,
and H is a 7 × 15 output matrix. wk (4 × 1) and vk(7 × 1)
represent uncorrelated Gaussian white noise sequences, with
Q = E(wkwTk ) and R = E(vkvTk ) being their corresponding
process noise variance and measurement noise covariance
matrices, respectively. Q and R are bounded positive definite
matrices (i.e. Q > 0, R > 0) [23], [24].
The vehicle system is assumed to be completely observable

and controllable, i.e.

rank[HT , (H8)T , (H82)T , (H83)T ] = 15

rank[0′,80′,820′,830′] = 15 (16)

VOLUME 5, 2017 27789



Z. Wang et al.: Vehicle System State Estimation Based on Adaptive Unscented Kalman Filtering

C. LATERAL ACCELERATION
Write instead, ‘‘The potential was calculated by using (1),’’
or ‘‘Using (1), we calculated the potential.’’

As shown in Fig. 2(b), dynamics equations of the full-car
model can be expressed as follows:

may − mshsφ̈ −
(
Fyf + Fyr

)
= 0

Izγ̇ + Izx φ̈ − Ixyφ̈2 −
(
aFyf − bFyr +M

)
= 0 (17)

where Iz, Ixy and Izx are moment of inertia along Z axis, X -Y
axis and Z -X axis, respectively.M is steering moment.

To solve for desired lateral acceleration, according to vehi-
cle theory [19], slip angles can be calculated as follows:

αf =
vy
vx
+
aγ
vx
− δf

αr =
vy
vx
−
bγ
vx

(18)

Acceleration in Y -direction and yaw angle are obtained as
follows:

v̇y =
−2

(
Cf + Cr

)
vy − 2

(
aCf − bCr

)
γ

M1 · vx

+
2Cf · δf
M1

− vx · γ (19)

γ̇ =
−2

(
aCf − bCr

)
vy − 2

(
a2Cf + b2Cr

)
γ

Iz · vx

+
2a · Cf · δf

Iz
(20)

Desired lateral acceleration for a driver’s steering input is
expressed as follows:

ay = v̇y + vxγ =
−2

(
Cf + Cr

)
vy − 2

(
aCf − bCr

)
γ

M1 · vx

+
2Cf · δf
M1

(21)

Remark: Tire cornering stiffness is calculated using MF
in section II, and other parameters can be obtained using
CarSim R© simulation.

D. ROAD CLASSIFICATION
Qin et al. [23] proposed an novel approach to classify
road excitations based on measurable suspension system
response (i.e. vertical acceleration of sprung mass and
unsprung mass). In this paper, response signal was first
decomposed by wavelet packet analysis. Next, features in
both time and frequency domains were extracted. Then,
minimum redundancy maximum relevance (mRMR) was
utilized to select superior features. A Probabilistic Neural
Network (PNN) classifier was applied to these selected fea-
tures to determine road classification output. Fig. 3 shows
the process of the proposed method and details are explained
in [23].

According to [23], merits of the proposed classification
method can be summarized as follows:

FIGURE 3. Proposed of road classification method.

(1) Higher estimation accuracy. Classification accuracy
and robustness of the proposed method are com-
pared to existing methods with varying driving
conditions;

(2) More practical applications. The proposed method can
accurately estimate varying road excitation with differ-
ent frequency structure, which makes it more suitable
for practical applications;

(3) More information used. Combing information avail-
able from both time and frequency domain, and the
features in different frequency ranges are fully inves-
tigated and utilized develops this method.

III. VEHICLE SYSTEM STATE ESTIMATION USING
THE AUKF ALGORITHM
Road classification and UKF are combined to form AUKF.
A chart illustrating this process is shown in Fig. 4. Next, for
application of UKF,Q and R need to be defined using a priori
information about perturbation wk acting on the state Equa-
tion (14), and vk acting on the measurement Equation (15).
The tuning operation constitutes a critical step to sure accu-
racy of the estimation algorithm. Value of theQ andRmay be
acquired frommodeling errors.More precisely, it is likely that
these errors occur during comparison between the reference
state and predicted dynamic evolution of the state vector, and
wk may be utilized to account for these errors. Also, relation
linking measured output vector vk and state vector depends
on measurement equipment and the chosen model [24]. The
process of tuning state vector values for application of the
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FIGURE 4. Flow chart of AUKF algorithm for vehicle system state estimation.

AUKF under various road excitations is further elaborated in
the following section.

A. ESTIMATION OF ROAD PROCESS NOISE VARIANCE Q
To solve for optimal results with UKF, system noise should
be Gaussian white noise [5], [21]. Using road level definition
proposed in Section 2.3, power spectral density (PSD) of
uneven road under different road excitation levels could be
obtained. According to [25], relationship between PSD of
road roughness and PSD of road velocity can be expressed
as:

Gq̇(n) = (2πn)2Gq(n) (22)

Equation (22) combined with International Standards
Organization (ISO) 8601 [26], i.e. w = 2, can be used to
obtain:

Gq̇(n) = (2πn0)2Gq(n0) (23)

Here, Gq̇(n) includes for the entire frequency spectrum
with (the upper and lower spatial frequencies set as 0.011m−1

and 2.83m−1 [26]. In this case, velocity of the road uneven is
white noise. Variance of different road levels (A ∼ H ) can be
calculated using the above analysis. Assuming that velocity
of the vehicle is 80km/h, PSD of road velocity relationship
for temporal frequency of different road levels is as shown
in Fig. 5. Corresponding road velocity process noise variance
Q is acquired using product of the area of temporal frequency

FIGURE 5. PSD of different road velocities under different temporal
frequency range.

range and different road velocities PSD values for certain
frequencies, as listed in Table 2.

It can be seen from results in Table 2 that value of Q
increased for higher road levels, increasing by a factor of
approximately 4 for each increase in road level [24].

B. ESTIMATION OF MEASUREMENT NOISE COVARIANCE R
Value of R for application of UKF is assumed to be constant
and is determined through empirical assessment [10]–[14].
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TABLE 2. Road level process noise variance Q.

However, road information is complex and uncertain in prac-
tical settings. The covarianceR is dependent on sensor output
and road conditions. To improve accuracy in the estimation
of R, an approach has been proposed in [24] and [27] and
adopted in this paper. Based on this method, R can be calcu-
lated as.

R = HPHT
− Cn (24)

where, Cn and PHT are defined as follows:

C1 = H8PHT
−H8KC0

C2 = H82PHT
−H8KC1 −H82KC0

C3 = H83PHT
−H8KC2 −H82KC1 −H83KC0

...

Cn = H8nPHT
−H8KCn−1 − · · · −H8nKC0;

PHT
=


H
H8
...

H8n−1


∗

×


C1 +H8KC0

C2 +H8KC1 +H82KC0
...

Cn +H8KCn−1 + · · · +H8nKC0

;
where H represents system output matrix, C0 is initial mea-
surement noise covariance, P represents covariance equations
of KF, 8 is system transition matrix, and K represents KF
gain. The more details are described in [24] and [27].

Measurement noise covariance matrixR should be updated
with process noise covariancematrixQ.More information are
described in [28]. Based on the above analysis and consider-
ing measurement noise covariance values of sprung mass and
unsprung mass, values of R for different road levels (A ∼ H )
were calculated. Results are listed in Table 3. Table 3 shows
that value of R increased for higher road levels, but less so
than Q.

C. AUKF FILTERING BASED ON NOISE Q AND R
ESTIMATION
Based on analysis describe in Sections A and B, traditional
UKF can be reduced by combining discrete-time state Equa-
tion (14) and Equation (15) for each state. The reduce UKF

TABLE 3. Road level measurement noise covariance matrix R.

FIGURE 6. Effect of road level ISO-A/E process variance Q on road level
ISO-C measurement covariance R.

expression is given as [16], [29]:

χ0 = x̄; χi = x̄ + (
√
(n+ λ)P)i; i = 1, 2, · · · n;

χi = x̄ − (
√
(n+ λ)P)i; i = 1, 2, · · · n;

$ 0
m =

λ

n+ λ
; $ 0

c =
λ

n+ λ
+ 1− α2 + β;

$ i
m = $

i
c =

1
2
(n+ λ); (25)

where λ = α2(n + κ) − p is a scaling parameter, α is set
to a small positive value, κ represents a secondary scaling
parameter, and β is utilized to incorporate a priori information
of the distribution of x.

√
(n+ λ)Px represents the ith row of

the matrix square root.

x̂−k+1 =
2n∑
i=0

$m
i χk|k−1 ;

p−k =
2n∑
i=0

$ i
m(χi,k|k−1 − x̂

−

k )(χi,k|k−1 − x̂
−

k )
T
+ Qk ;

Pzk =
2n∑
i=0

$ i
c{yi − ȳ}{yi − ȳ}

T
+ Rk ; ȳ =

2n∑
i=0

$ i
myi;

Pxkzk =
2n∑
i=0

$ i
c(χi,k|k−1 − ŷ

−

k )(χi,k|k−1 − ŷ
−

k )
T
;

Kk = PxkzkP
−1
xkzk ; x̂k = xk + Kk (yk − ŷ

−

k );

Pk = P−k − KkPzkK
T
k (26)
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TABLE 4. Error value of sprung mass and unsprung mass velocity based on above simulations.

FIGURE 7. Effect of road level ISO-A/E measurement covariance R on
road level ISO-C process variance Q.

FIGURE 8. Classification results for different road levels: a) sprung mass
acceleration; b) unsprung mass acceleration; c) road level classification
accuracy.

where, Pk represents estimation error variance matrix, Kk
is Kalman gain. Note that Q and R are assumed to be tuned.
A detailed flow chart illustrating the steps involved in AUKF
is shown in Figure 4. Process noise variance Q and measure-
ment noise covariance matrix R of different road levels are
obtained using methods describe in Sections A and B.

IV. SIMULATIONS AND RESULTS
A. EFFECT OF Q/R ON ESTIMATION ACCURACY
In this section, vehicle system is subjected to road level
ISO-C excitation. This excitation allows influence of R and
Q values on vehicle state observation accuracy to be stud-
ied. Values of Q and R are set for level ISO-A and ISO-E ,
respectively, with a vehicle velocity of 40km/h to illustrate
influence of mismatched noise. Vehicle observation was sim-
ulated in MATLAB, and sprung mass and unsprung mass
velocities of the left front side were taken as estimated states.
Generally speaking, influence of noise needs to be eliminated
with the magnitude as low as possible, while original signal
information needs to be maintained [27]. Simulations were
carried out for a run time of 15 seconds to obtain filter
results. To illustrate the results from the following simulation
situations, we first defined a feature set with different road
and noise variance values, i.e. 2=, where 2 ∈ {A,B, · · ·G}
is different road level set, = ∈ {Q,R} for process variance
and noise covariance of 2.

To facilitate ease of comparisons, simulation results from
time segment ranging from of 8 to 9 seconds are shown
in Figs. 6 and 7. It can be seen from the results listed
in Table 4 that value of R has more influence on reference
results compared to Q. The statistics of the estimation error
and noise variance are relevant, and the results are also shown
in Table 4. Fig.6 shows that when R is constant, increased
influence on results was observed for increased values of
Q. Conversely, Fig.7 shows that when Q is kept constant,
an increased influence was observed for decrease in R.
Table 4 shows a significant difference between RMS error

value of Q and R with road level ISO-A or ISO-E under the
level ISO-C excitation, i.e. velocity error of vehicle unsprung
mass RMS value is larger than sprungmass velocity error, and
value of R has greater influence than Q.
Based on the above analysis, it was observed that error

estimation of road information leads to error estimation of
Q orR, thus affecting results of UKF in this situation and vice
versa. So, it is necessary that appropriate value of the noise
variance matrix is chosen under various conditions [24].

B. EFFECT OF Q/R ON ESTIMATION ACCURACY
To validate the proposed approach in Section II, a novel road
profile was generated. The road profile was composed of
four road levels: level ISO-A, level ISO-B, level ISO-C and
level ISO-D, in succession [30]. Simulation results obtained
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FIGURE 9. Estimation results of road level ISO-A/B/C excitation and using level ISO-A/B/C process variance Q. (a) Sprung mass velocity (b) Pitch rate
(c) Roll rate (d) Rattle space of left front side (e) Unsprung mass velocity of left front side (f) Tire deflection of left front side.

with system parameters and conditions defined are obtained
in [25] and shown in Fig. 8.

As seen in Fig. 8, two system responses can accurately
identify all four road levels with accuracy of more than
85%. Both sprung mass and unsprung mass acceleration
demonstrated improved performance. Lowest classification
accuracy of these two responses was 94%. It can also be
observed from Figs. 8 (a) and (b) that almost all classification
errors occur when road level changes. Although, transforma-
tion time is significantly short between different road levels,

such kind of aliasing is unavoidable. In addition, error points
shown in Figs. 8 (a) and (b) indicate difference of two adja-
cent roads would also significantly influence classification
accuracy. When difference was relatively large, errors were
observed, which were related to the difference.

C. AUKF ALGORITHM SIMULATIONS AND RESULTS
The AUKF method proposed in Section III allows state of
vehicle system to be estimated. In this case, system definition
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TABLE 5. Estimation accuracy of different road excitation levels using different road process noise variance Q.

FIGURE 10. Error of state estimation for road level ISO-A excitation using
level ISO-A/B/C process variance Q (a) Sprung mass velocity of vehicle
body (b) Pitch rate (c) Roll rate (d) Rattle space of left front side
(e) Unsprung mass velocity of left front side (f) Tire defection of left front
side.

listed Table 1 was adopted, and initial velocity was set to
40km/h. Due to tire hop, errors in state estimation grow
exponentially under varying road levels [26]. To further
explain effect of different road levels on noise variance Q
and state estimation of vehicle system, performance of pro-
posed AUKF algorithm was validated under three condi-
tions, i.e. level ISO-A, level ISO-B and level ISO-C road
excitation.

Fig. 9 shows that the estimated sprung mass velocity, pitch
rate, roll rate, rattle space of left front side, unsprung mass
velocity of left front side and tire deflection of left front side
under varying process noise variance Q. According to simu-
lation results, better state estimation accuracy was observed
when using corresponding Q and R values under different

FIGURE 11. Error of state estimation for road level ISO-B excitation using
level ISO-A/B/C process variance Q (a) Sprung mass velocity of vehicle
body (b) Pitch rate (c) Roll rate (d) Rattle space of left front side
(e) Unsprung mass velocity of left front side (f) Tire defection of left front
side.

road excitation level. For sprung mass velocity of vehicle
body and vehicle rattle space of left front side, the error
of state estimation was obvious during measurement update
process. Error values of state estimation were caused by UKF
gain, and as road excitation level increased. However, for
the pitch rate and roll rate of vehicle system, error in state
estimation was not obvious under the same conditions. It may
be related to state of vehicle movement [31]. Fig. 9 shows that
state response accuracy of estimation is not better during the
initial phase of using corresponding values of Q. It reduced
accuracy may be caused by UKF gain during the short time
interval of road level change. It can be concluded that when
both Q and R are in correspondence, vehicle state estimation
accuracy is the highest.
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To further describe state estimation error, mean absolute
error was utilized to estimate the accuracy of the AUKF
approach. Based on analysis of Fig. 9, state estimation of
sprung mass velocity, roll rate, pitch rate, rattle space of left
front side, unsprung mass velocity of left front side and tire

deflection of left front side were chosen to calculate mean
absolute error. To conveniently estimate influence of estima-
tion error on vehicle system’s state estimation, simulation
results are shown under road level ISO-A, ISO-Band ISO-
C excitations. In Fig. 10, data for simulation results during
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FIGURE 12. Error of state estimation for road level ISO-C excitation using
level ISO-A/B/C process variance Q (a) Sprung mass velocity of vehicle
body (b) Pitch rate (c) Roll rate (d) Rattle space of left front side
(e) Unsprung mass velocity of left front side (f) Tire defection of left front
side.

a time interval of two seconds (i.e. from t = 4 s to t = 6
s) is plotted under road level ISO-A excitation. Simulation
results for a time interval of two seconds (i.e. from t = 14 s
to t = 16 s) under road level ISO-B excitation is also plotted
in Fig. 11. Data during a two second time interval (i.e. from
t = 24 s to t = 26 s) under road level ISO-C excitation is
shown in Fig. 12. Error value of state estimates compared
to the reference value is not obvious for road level ISO-A
excitation. However, increases are seen for level ISO-B and
ISO-C excitations. For sprung mass velocity of vehicle body
and unsprung mass velocity of left front side, influence of Q
is obvious. This is because unsprung mass velocity of vehicle
system and corresponding damper force are closely related
an appropriate value of Q could be chosen for various road
conditions.

Based on the above illustration, it can be seen that value
of Q has a significant effect on vehicle state estimation, espe-
cially in cases of higher road excitation levels [24]. To further
discuss estimation accuracy of the proposed AUKF approach,
simulation data for the road level ISO-A, level ISO-B, and
level ISO-C excitation under varying road level Q are listed
in Table 5. Table 5 shows that there is a significant effect ofQ
used in AUKF algorithm on state estimation accuracy. State
estimation accuracy can be increased using corresponding
values of Q and R under various road excitation levels.
Based on the above discussion, it can be concluded that

state estimation of the vehicle system is more accurate when
matching values are used for differentQ andRmatrices under
road level ISO-A, level ISO-B, and level ISO-C excitation
conditions.

D. COMPARISON WITH EXISTING APPROACHES
To better illustrate the properties of the proposed AUKF
method, comparisons with UKF method [16] was performed

TABLE 6. Estimation accuracy of different road excitation levels using
different road process noise variance Q.

in this section. The reason UKF method was selected due
to the fact that UKF method represents basic nonlinear filter
comes from current vehicle state.

The sprung mass velocity of vehicle body and unsprung
mass velocity of left front side were selected to represent the
proposed AUKF and UKF methods. Comparison results for a
nominal vehicle model are shown in Table 6. Table 6 shows
that higher accuracy can be obtained using the proposed
AUKF method.

It should be note that more details about calculative accu-
racy can be found in [24].

According to the comparisons shown above, it can be
concluded that the proposed method could outperform UKF
method and is more robust to various driving conditions.

V. CONCLUSIONS
The AUKF algorithm is proposed to obtain higher accuracy
in state estimation of a vehicle system under various road
conditions in this paper.

The main contributions of the paper are as follows:

(1) Relationship between Q and R was comprehensively
analyzed under different road excitation levels and
imperative of Q on the vehicle state estimation was
studied.

(2) A novel road classification approach through sprung
mass acceleration and unsprung mass acceleration was
used to accurately acquire Q of the vehicle system.

(3) The proposed AUKF approach was demonstrated to
accurately estimate vehicle state under varying road
excitations.

Finally, simulation data showed that the proposed AUKF
algorithm can have higher accuracy of state estimation for a
vehicle system, and was validated in MATLAB under road
level ISO-A, level ISO-B, and level ISO-C excitation condi-
tions.

In the future, a nonlinear vehicle model and road fault
torlerant estimation will be considered. The proposed AUKF
approach will be applied to actual road profiles under the
controllable suspension will be carried out.

APPENDIX A
System matrix of state space equations (12-13).
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