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High quality estimation of tire-road friction forces has important role in many automotive control systems like
anti-lock brake systems (ABS), traction control systems etc. For this purpose an extended Kalman filter augmented
with integral term has been employed. A procedure for selecting appropriate integral gain has been proposed. The
proposed estimator has been compared to the well-known passivity based state estimator.
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1 INTRODUCTION

Recently, a great attention in automotive industry
has been given to the active safety of the road ve-
hicles. This includes anti-lock brake systems, trac-
tion control, vehicle dynamic systems, etc. Since the
forces transferred from the tires to the road pri-
marily determine vehicle motion, good information
about them has significant importance in such sys-
tems. However, these forces are usually hard to
measure, or sensors for them are too complex and
expensive for implementation. Therefore, it is nece-
ssary to estimate friction forces from easily measur-
able signals like wheel angular velocity, car velocity,
etc. Another problem arises from time variability of
the tire-road friction model parameters, specifically
of the parameter that represents road surface con-
dition (dry, wet, snow, ice, etc.).

In [1] the passivity based state estimator based
on dynamic LuGre friction model [2] has been pro-
posed for the estimation of friction force and road
condition parameter. Stability and convergence of
this state estimator has been proven but only under
assumption that there is no measurement noise. Such
state estimator achieved excellent tracking perfor-
mance. However, measurement noise is always pre-
sent in real applications and it significantly degrades
estimation accuracy.

In this paper, a different approach based on ex-
tended Kalman filter (EKF) is proposed. EKF is
widely used in practical applications as a state esti-
mator due to its simple design procedure. Additio-
nal integral term has been added to the original
EKF in order to capture model parameter varia-
tions (PI EKF) [3, 4]. The main problem in desig-
ning of PI EKF is to obtain optimal integral gain
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which must be selected in a way that overall system
remains stable, and that the dynamic response of
the integral action is comparable to the fastest dis-
turbance present. Higher values of integral gain im-
ply faster response but also more noisy estimation
and in extreme case instability. An optimization
procedure is used for integral gain adaptation with
respect to the level of the measurement noise.

2 PROBLEM DESCRIPTION

As mentioned in introduction information about
friction forces between wheels and road has impor-
tant role in car active safety systems. For the pur-
pose of estimation of these forces simplified model
of the contact between wheel and road has been
used. This model is described by the following set
of equations (Figure 1):

my =F+F,0,v, (1)
Jo=-rF+u, -o,0 )
where:

m  — wheel mass, kg;
J - moment of inertia of the wheel, kgm?;
u, - torque acting on wheel axis, Nm;
F  — friction force between wheel and road, N;
o, - coefficient of viscous friction, Nm/s;
v,=rw—-v — relative velocity, m/s.

Friction force F in equations (1) and (2) can be
regarded either as a static or a dynamic friction. In
literature, numerous friction models can be found,
which can be easily adapted to describe tire-road
friction effects. Among them the most widely used
models are Pacejka static model [5] (in literature al-
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Tire/road friction model given by equations (3), (5) and (6)
can be rewritten in matrix form:
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Fig. 1 One wheel friction model
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Fig. 2 Tirefroad contact patch model

so known as a Pacejka magic formula) and LuGre
dynamic model [2] given by the following set of
equations:

F=F,(0¢pz+0,Z+0,v,) 3)
. oy v, |

z=v, G—g(Vr) 4

80,) = e +(aty — e )

where:
z - internal friction state (average bristle de-
flection), m;
0, — rubber longitudinal lumped stiffnes, 1/m;
o0, — rubber longitudinal lumped damping, s/m;
0, — viscous relative damping, Ns/m;
L - contact patch length, m;
U, — normalized Coulomb friction;
s — normalized static friction;
v, — Stribeck relative velocity, m/s;
v, - relative velocity (rw —v), m/s;
0 -road condition coefficient.

In order to eliminate a steady-state error that oc-
curs in the LuGre tire model given by (3), (4) and
(5), equation (4) is modified as follows [6]:

2=v,—{900] l lw[:|

8wv,)
where « is a lumped model constant (usually be-
tween 1.2 and 1.4).

(6)
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It is assumed that only wheel angular speed w is measurable
while car speed v, bristle deflection z, as well as road condition
parameter 8 have to be estimated. Thus measurement equation

y=[0 1 0][v o z]. ®)

3 DESIGN OF THE PI EKF ESTIMATOR

We assume that nonlinear system can be descri-
bed by the following set of difference equations:

x(k+1) =f(x(k), u(k),v(k).9),
y(k) = h(x(k), w(k)),

where w(k) and v(k) represent the process and
measurement noise, respectively. The assumption is
that process and measurement noise are Gaussian
stochastic variables with zero mean and Q and R
variances, respectively. Nonlinear process given by
equation (7) and (8) can be transformed to the
form given by (9) and (10) applying common dis-
cretization procedure.

)
(10)

Kalman filter was originally developed for state
estimation of linear systems. In order to apply it to
nonlinear systems it is necessary to linearize system
using Taylor series expansion around true states of
nonlinear system. Since these states are not measur-
able, linearization should be made around the pre-
vious state estimation:

M) M)
A[i’j]—a [](xu()) V[lj] 3 [](xu())
(11)
0
H_ . h[] &= W [t] (j‘:-‘,O)
B~ g B aw)

After the linearization has been made, the same
procedure can be applied as for linear systems, using
the matrices given by equation (11), as follows [7]:
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— measurement update

K(k)= P (k)H(k)" (H(k)P~(K)H(k)" +

+W (K)R(KW (k)")™", (12)
2(k) =2~ (k) + K(k)(y(k) =h(2~(k),0)),  (13)
P(k) = (I - K(k)H (k) P~ (k); (14)

— time update
£ (k+1) = f(R(k),u(k),0), (15)
P~ (k+1) = ACk)P(k) A(k)" +V (K)QUk)V (K)T, (16)

where:
X7 (k) — a-priori state estimates,
X(k) - a-posteriori state estimates,
P~ (k)— a-priori covariance matrix,
P(k) — a-posteriori covariance matrix,
K(k) - Kalman gain.
PI EKF estimator for nonlinear systems, descri-

bed by equations (7) and (8), is given by the follo-
wing set of difference equations [3]:

estimation, while the dynamic of the parameter es-
timation is determined by the integral gain K. Lar-
ge values of integral gain imply faster transient re-
sponse but also can cause overshoots and oscilla-
tions around true value of the parameter particu-
larly when considerable measurement noise is pre-
sent. So the key problem in designing of PI EKF es-
timator is selection of the appropriate integral gain
K}, in order to achieve satisfactory behavior with re-
spect to the level of the measurement noise. Op-
timal values of integral gain K; were obtained by an
offline optimization procedure based on the values of
measurement noise variances. For noise variances in
specified range, optimal value of K; was obtained by
minimizing of the ISE (Integral Square Error) cri-
terion, using Matlab function fmin.

T
J = [(6-6)*dt > min. (20)
0

4 SIMULATION RESULTS

The simulations were performed using the tire/
road model given by equations (7) and (8). For the
purpose of comparison passivity based state estima-
tor has been designed for the same model accor-

2 (k+1) = f(2(k), u(k),0(k)), (17)  ding to the procedure given in [1]. The model para-
meters used in simulations are given in Table 1.
Xk+1)=x"(k+1)+K(k) -(y(k +1) -
A Table 1 Model parameters used in simulations
* i A_ P Parameter Value Parameter Value
O0k+1)=0(k)+K; -(y(k +1) —h(x™(k +1),0(k)). (19) o 20, N/m . 025 m
Its principle scheme is shown in Figure 3. 2! 49487, Ns/m m 5, kg
From equations (17)-(19) it can be seen that PI % 0018, Ny J 0.2344, kgm?
EKF differs from ordinary EKF only in an addi- IZe] 05 Fy 14, kgm?/s?
tional term for capturing variations in model para- e 0.9 - 11
meter 6. Parameter 6 is updated according to the y 125, mis I 025, m
difference between measured output signal and its
u(%) - ~ y(k+1)
£(t1) = Fe ), k), vk), ) o y(t1) = h(x(k+1), wik+1)) |
1 le
z [* T +
1 (k) N z L
z
ul * )
2kt 1) = JGE(K), u(k), O o P(k+1) = h(E(k+1))
R 2(k+1) = fex(k), u(k), 6) PP GetD)
o(k) K |
-1 |

Fig. 3 PI EKF state estimator
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The main goal of this work is design of the state
estimator that is able to estimate variations in road
conditions. Validation of the PI EKF estimator was
done through simulations by varying the parameter
0 in such a way that four different conditions of the
road were simulated. Parameter 6 in all experiments
was changed as follows: for the first 2 seconds it re-
presents dry asphalt, then sudden change in =25 to
wet asphalt, and then smooth change from wet as-
phalt to snow in time period f=4s to =9 s, and after
that it was constant representing snow conditions.

Two different simulations were carried out, one
without measurement noise (Figure 4) and another
with measurement noise of variance R=0.1 (Figure
5), for both passivity based and PI EKF state esti-
mator. Optimal integral gain for PI EKF was pic-
ked-up from the curve shown in Figure 6, which
was obtained by optimization procedure according
to equation (20). From Figure 5 it can be seen that
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variance R=0.1: a) passivity based estimator, b) PI Kal-
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Fig. 6 Optimal integral gain K; obtained by minimization of the

ISE criterion (20)
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PI EKF state estimator provides significantly less
noisy estimation of the road condition parameter
0 with satisfactory fast transient response, while for
noiseless simulations (Figure 4) both state estima-
tors produce similar results.

In order to check robustness of PI EKF estima-
tor two additional simulations with the same noise
variance (R=0.1) and integral gain K; optimized for
ten times greater and ten time smaller value of
noise variance than one used in first simulations,
have been performed. Figures 7, 8 and 9 show esti-
mation of the state variables and parameter 6, ob-
tained with PI EKF in the presence of measure-
ment noise of variance R=0.1 and with K; optimi-
zed for noise variances R=0.1, R=1 and R=0.01,
respectively.

From Figure 7 it can be seen that estimation of
the car velocity and wheel angular velocity are very
accurate, while estimation of the bristle deflection z
is noisy but satisfactory accurate and fast.
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When integral gain K; was optimized for ten ti-
mes greater noise variance than its actual value was
(Figure 8), the road condition coefficient estimation
is less noisy but with somewhat slower response to
sudden changes of road condition coefficient. Esti-
mation of the bristle deflection is also less noisy.
To the contrary for K; optimized for ten times
smaller noise variance than its actual value was
(Figure 9), estimation of the road condition para-
meter as well as estimation of the bristle deflection
are more noisy and less accurate. These behaviors
were expected since road condition coefficient value
was corrected according to the estimation error of
the output signal.

Thus, it can be concluded that it is better to put
somewhat smaller value of integral gain K; than the
optimal value, in order to make this estimator ro-
bust to noise variance level variations. Such an ap-
proach is closely related to the H,, estimator design
i.e. the worst-case design.
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Fig. 7 Estimation of the a) vehicle velocity v, b) wheel angular velocity w, c¢) bristle deflection and d) parameter 0 obtained in the presence
of measurement noise of variance R=0.1 and integral gain optimized for noise variance R=0.1 (optimal value of K;)
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Fig. 8 Estimation of the a) vehicle velocity v, b) wheel angular velocity w, c) bristle deflection z and d) parameter 0 obtained in the presence
of measurement noise with variance R=0.1 and integral gain optimized for noise variance R=1

5 CONCLUSION

In this paper extended Kalman state estimator
augmented with integral term for road condition
has been proposed. Comparison with passivity
based state estimator has also been made. Simula-
tion results show that PI Kalman estimator pro-
duces less noisy estimation of the road condition
parameter with satisfactory fast response. It also
produces very accurate and fast estimation of the
state variables. Simulations without measurement
noise suggest similar performances of both state es-
timators. Simulations with integral gain optimized
for ten times greater and ten times smaller mea-
surement noise variances than its actual value,
pointed out a robustness of the proposed estimator
for smaller noise variances, while greater noise vari-
ances degraded estimator performance.
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of measurement noise with variance R=0.1 and integral gain optimized for noise variance R=0.01

Primjena proSirenog Kalmanovog filtra za estimaciju stanja na podlozi. Kvalitetna estimacija sile trenja izmedu
automobilskog kotaca i podloge ima veliki znacaj u sustavima sigurnosti kod suvremenih automobila kao §to su su-
stav kontrole proklizavanja (ABS), sustav upravljanja vu¢nom silom (TC) i sl. U svrhu estimacije sile trenja u ovom
radu se koristi prosireni Kalmanov filtar kojem je dodan integralni ¢lan. PredloZen je postupak odabira optimalnog
pojacanja integralnog ¢lana. Predlozeni estimator je usporeden s estimatorom stanja na podlozi zasnovanim na teo-

riji pasivnosti.

Kljucne rijeci: automobilske primjene, tehnike estimacije, Kalmanov filtar, sustav kontrole proklizavanja, mjerni

softver
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