View metadata, citation and similar papers at core.ac.uk

-
brought to you by .{ CORE

provided by University of Waterloo's Institutional Repository

Estimation of Longitudinal Speed Robust to Road
Conditions for Ground Vehicles

Ehsan Hashemi, Alireza Kasaiezadeh, Saeid Khosravani, Amir Khajepour, Nikolai Moshchuk, and Shih-Ken Chen

Abstract—This article seeks to develop a longitudinal vehicle
velocity estimator robust to road conditions by employing a tire
model at each corner. Combining the lumped LuGre tire model
and the vehicle kinematics, the tires internal deflection state is
used to gain an accurate estimation. Conventional kinematic-
based velocity estimators use acceleration measurements, without
correction with the tire forces. However, this results in inaccurate
velocity estimation because of sensor uncertainties which should
be handled with another measurement such as tire forces that de-
pend on unknown road friction. The new Kalman-based observer
in this paper addresses this issue by considering tire nonlinearities
with a minimum number of required tire parameters and the
road condition as uncertainty. Longitudinal forces obtained by
the unscented Kalman filter on the wheel dynamics is employed
as an observation for the Kalman-based velocity estimator at
each corner. The stability of the proposed time-varying estimator
is investigated and its performance is examined experimentally in
several tests and on different road surface frictions. Road exper-
iments and simulation results show the accuracy and robustness
of the proposed approach in estimating longitudinal speed for
ground vehicles.

Keywords—Vehicle state estimation, uncertain dynamics, stability
analysis, parameter estimation, unscented Kalman filter

I. INTRODUCTION

Two major vehicle velocity estimation approaches are used
in recent literature. The first one uses vehicle’s planar kine-
matics, to develop observers [1], [2] that use standard mea-
surements from an inertial measurement unit (IMU) such as
acceleration, the yaw, the pitch, and the roll rates, without
implementing a tire model. This approach is independent from
tire parameters, but instead the sensors bias and noise should
be identified precisely to have a reliable estimation. Employing
accelerations and wheel speed measurements, Imsland et al.
proposed a nonlinear observer in [3], [4] to tackle model
uncertainties. A Kalman observer is employed by Hsu and
Bevly et al. in [5], utilizing the same kinematic-based method
and correction with GPS data, but the poor accuracy of the
mostly practiced conventional GPSs and the loss of reception
are primary concerns. The issue of reliance on a GPS is
addressed with observer development around tire capacities
and using the wheel speed, as investigated by G. Baffet and
A. Charara [6], but this approach is incapable of predicting the
lateral limit before it occurs. This drawback is eliminated in [7]
by implementing a steer-by-wire system to determine the road
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condition, tire limits, and the slip angles of the front and rear
tracks independently. Yoon and Peng [8] utilizes two low-cost
GPS receivers for the lateral state estimation and compensates
the low update rate issue of the conventional GPS receivers by
combining the IMU and GPS data with an extended Kalman
filter (EKF).

Another velocity estimation method uses a tire model to-
gether with vehicle kinematics. However, this approach needs
road condition information and tire parameters, which may
vary significantly. The issue of time-varying tire parameters is
handled with a model scheduling in [9], which again lacks
information on road conditions. An extended Kalman filter
(EKF) is employed for both longitudinal and lateral state
estimation in [10], but the load of computations justifies using
a reliable approach such as an unscented Kalman filter (UKF)
without any need for linearization in the system dynamics. The
UKEF [11], [12] and the simplified empirical Magic formula
[13], [14] (as the tire model) is employed in [15] for the
velocity and force estimation at each corner, but road friction
and wheel torques are required for this approach. Alternatively,
a sliding-mode observer is proposed in [16], based on the
LuGre dynamic model [17], to estimate the longitudinal speed,
but the road should be identified simultaneously. Zhang et
al. presented a sliding-mode observer for velocity estimation
in [18], with the wheel torques and an EKF for estimation
of the Burckhardt’s model [19] parameters. However, this
method needs an accurate tire model, which is not possible
due to the presence of tire wear, inflation pressure, and road
friction uncertainties. Vehicle state estimation on a single
track car model is studied for slip angle estimation in [20],
with a Pacejka tire model [14]. The derivatives of the lateral
forces in their approach, however, amplify noise effects in the
lateral/longitudinal state estimates.

In this paper, kinematic equations are combined with the
average lumped LuGre model [21] to estimate the longitudinal
velocity and the tire internal deflection state at each corner
independently, using a Kalman Filter (KF). Advantages of
the developed velocity estimator are its robustness to road
conditions and insensitivity to reasonable changes in tire
parameters. The stability of the time-varying estimator and
boundedness of the error covariances are also addressed in this
article. Furthermore, the stability of the estimator is studied for
deterministic and stochastic initial state vectors.

This paper provides different observers for the vehicle state
estimation on various road conditions with the following con-
tributions: /) longitudinal and vertical tire-free force estimators
are developed using computationally efficient nonlinear ob-
servers and common measurements without knowing the road
condition and any limiting assumption. 2) a novel observer
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for the velocity estimation, robust to road friction changes is
introduced which treats acceleration measurement noises and
the road condition as uncertainties. 3) the corner-based struc-
ture of the longitudinal/lateral force and velocity estimators
advantageously leads to better performance of the stability
and traction control systems in conditions with different road
friction under each tire.

This article is divided into five sections. The longitudinal
force estimation approach is examined in Section II, as are
corner-based estimation by UKF and unknown input observer
methodologies. Section III proposes a velocity estimator with a
high-slip detection module utilizing the KF. Proof of the error
covariance boundedness and the stability of the linear time-
varying estimator are also provided in Section III. Road test
experiments and simulation results are presented in Section IV,
with discussion on the findings in various maneuvers with
high and low longitudinal excitations. Section V includes
conclusions and future work.

II. LONGITUDINAL FORCE ESTIMATION

Tire forces can be measured at each corner, but their cost
impact, calibration and maintenance are their major drawbacks
to be used for production vehicles. Provided that the longitu-
dinal tire force calculation needs road friction, even accurate
slip ratio information from the GPS will not provide forces
at each corner. Hence, estimation of tire forces independent
of road conditions would be a remedy. Longitudinal force
estimation independent of the road friction may be classified
on the basis of wheel dynamics into the nonlinear and sliding
mode observers [22]-[24], Kalman-based estimation [25], [26],
and unknown input observers [27], [28]. This section provides
two force estimation approaches, an unknown input observer
and a Kalman-based method. The latter is selected in this study
for the velocity estimation as it is less sensitive to the tire’s
effective radius and provides more smooth outcomes for the
transient regions during acceleration and brake. Experimental
and simulation results are presented in Section IV to show the
estimators performance in different maneuvers and on various
road friction conditions.

A. Force estimation with unknown input observer

A corner-based unknown input observer (UIO) method was
proposed by Wang et al. in [28], but the stability of the error
dynamics is explored in this paper. This method considers
longitudinal tire forces F, as unknown inputs for the wheel
dynamics:

w= T(Tt = R.F; — Cyw), (1)
where R, is the wheel effective radius, 7T} represents the total
effective torque on the wheel at each corner, w is the wheel’s
angular acceleration, and Cj, shows the wheel bearing’s linear
viscous damping. The bearing viscous damping forces are neg-
ligible compared to other terms in (1). This approach provides
a virtual wheel speed using a so-called Proportional, Integral,
Derivative (PID)-type estimator & = % (Tt — Re fo + Kpw)

in which the constant fj is the nominal value of the longitu-
dinal tire force and can be an arbitrary bounded value. The
difference between the measured and the virtually estimated
wheel speed (0 = w — ) is used for the force estimation with
the proportional term, as in [28]:

Fols) = fo - 5 Fyls) @)
e
Matching between the measured (1) and virtually estimated
wheel speed w means that the control input produces the effect
of unmeasured —R.F,. Thus, the estimation error dynamics
for the wheel speed yields:

¢ =—Ke— B, 3)

where K = ? and B = M The stability of error
dynamics (3) is investigated in the following.

Theorem 1: The unknown input observer (2) for longitu-
dinal force estimation is stable and the estimation error is

bounded by %\/ﬁ where 0 < £ < 1 and b is the bound
for B in (3).

J

Proof: To study the stability of the error dynamics (3),

the Lyapunov function V = %62 is used. The derivation of the
Lyapunov function yields:

V = —2KV —eB < —2KV + ||e]|||B]]. 4)

The term B is bounded because of the bounded characteristics
of the real longitudinal force. Therefore, ||B|| < |b|, and the
time derivative of the Lyapunov function is developed again
by introducing 0 < £ < 1 as:

V < —Kllel[* + blel]

< —K(1=9)llel]* = K¢llel|* + bl el
bo\? b2
<—2K(1—5)V—(M||€||—2\/K—§) +4TC£ ®)
b2
< K1V + 1

The term 2/C(1 — &) is replaced with ~y, and D stands for

b2 .
4Ke >
then:

V +4V <D. (6)

Multiplying both sides of the inequality by e”t and then
integrating results in:

t
V —V(0)e <D / T, (7
0
Substituting the Lyapunov function V = %62 in (7) leads to:
1 D
562 <V(0)e " + = (1—e ). 8)

Consequently, the bound for the error can be described as:

llel| < [le(0)]le™* + /2D/n. ©)
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The term = is simplified to , showing that any

b
2K4/6(1-8)
increase in K leads to a decrease in ||e||. As a result, the UIO
for the longitudinal force estimator (2) with the proportional
term has a bounded estimation error and can be utilized
whenever, wheel torques are available. [ |

B. Kalman-based force estimation

Estimation problems can be addressed by UKF for
the discrete-time nonlinear system of the form zp.; =
Flzg, uk, fynpr), Y = H(xk, f,nmi). Parameters f and
system states xj can be estimated recursively from the noisy
output yi. Uncertainties in the process and measurements are
incorporated into the nonlinear system definition as 1y, k.
Proper capturing of nonlinearities contributes to the unscented
transformation that defines the Sigma vectors X € RV>*2N+1,
(N 1is the length of the state vector), which are supposed
to propagate through the nonlinear system. With some minor
changes, UKF can also be employed for parameter estimation
instead of state estimation for the vehicle parameter identifica-
tion [29], [30] and for the longitudinal force estimation [26].
For the force estimation with UKF, the effective torque 7}
provides input ug; the wheel speed is assumed to be the state
x, and the estimated longitudinal force F’; is denoted by the
estimated parameter f. The discrete-time parameter estimation
problem can be expressed as:

Jr1 = fr + 0k 2k = G(wk, fro) + Vis (10)

where 2z corresponds to nonlinear observation on f; and
0k, Vi, represent process and observation noises respectively.
In a parameter AestimationA problem, the estimated ‘mean
is updated as f,,x = fr—1 and initialized by fy, =
E[f]. The moving sample points i.e. sigma vector Fj,_q
are generated around the estimated mean fmk with the
conventional unscented transformation pattern Fyp_; =

[fmlc Fonto + /Py, Fonke — T\/pfki|, where square root

factorization of the covariance matrix Py, is obtained by
Cholesky decomposition at each time step k. The error co-
variance matrix of the estimated parameter is initialized with
Py, =E[(f = fo)(f = fo)"| and updated by Py, = Py, , +
Qr—1 with incorporation of the process noise covariance
Qk—1. Furthermore, 7 is a scalar and represents the spread
of the sample points far from the mean values of random
variables (states). It is defined in [31] as 7 = /NN + 1, where
n is the compound scaling parameter 7 = €2N — N. Spread
of the sample points around f,, is denoted by ¢ = 1/3/N.
Afterward, 8 = 2 is introduced to employ the prior information
on the Gaussian distribution of z. Sample points are supposed
to be propagated within the system (wheel dynamics) as
Zyk—1 = G(Tg, Fijx—1), and the estimated function output 2y,
is achievable from Z; = Zfivo W Z; kjk—1- The weighting
parameters are also defined by W¢ = W™ = (N + n)
for all sets ¢ € {1,2,...,2N}. These parameters are W§ =
N +1— €+ B and Wg* = g for i = 0. The updated

N+n
covariance matrices are given in (11) using the measurement

noise covariance Ry:

2N
Popzp = > Wi Zipp—1 — 2)(Zipo—1 — 2)" + R,
=0

2N
Pz = Z WE(F; k-1 — fok)(Zigpo—1 — 26)7. (1)
i=0

The Kalman gain is achievable, by implementing these covari-
ance matrices as Ky = Py, ., P, | . As a result, the updated
parameter and error covariance matrices can be obtained as

follows [31]:
Ppy = Py, — K P, ., KL,
Jr = for + Ki(2r — 21), (12)

where fk is the updated longitudinal force estimate qu
at each corner. Outcomes of the UIO and UKF approaches
are compared in Section IV. The UKF moving sigma points
through the wheel dynamics greatly reduce the estimation
fluctuations, even with the presence of major uncertainties
such as the road friction and changes in the effective radius.
Therefore, longitudinal force estimation with UKF is selected
in this study and utilized for the velocity estimation.

Estimated longitudinal forces should be normalized to be
utilized in the velocity estimator, which will be explored
in the next section. In order to normalize the longitudinal
forces, normal (vertical) forces at each corner (tire) should be
calculated using lateral and longitudinal vehicle dynamics. One
can write the vertical and longitudinal acceleration components
of the longitudinal dynamics as Gg, = Gy, 0S50y + Az sing,
and ag, = a,mcosl, — azmsinb, in which azy,, a.., are the
measured longitudinal and vertical accelerations by an IMU
attached to the sprung mass. These measurements are affected
by the kinematics of the vehicle’s CG, vehicle pitch angle 6,
and the road grade angle 6,. The sprung mass roll and pitch
are not achievable by integration over the roll and pitch rate
signals ¢,,, 0,, because of sensor drift. Rehm provided a linear
observer with low-pass filtering in [32] to estimate the vehicle
body’s roll/pitch angles as q?)v = ¢m + Lyey, 0, = 6,, + Loeg
by compensation over the error between the filtered estimates
and the stationary roll/pitch values i.e. e4, eg and the observer
gains Ly, Lg. Normal forces at front and rear axles thus can
be calculated by:

X m _ mo
F.r= *Tbhccaem + Tbbraé)z’
w w

~ m m
= Tmhcaﬁax + Tmbfﬁez, (13)
where the subscripts f,r represent the front and rear axles,
hce is the height of the vehicle’s center of gravity, and the ve-
hicle’s body pitch is denoted by 6,,. The wheel base is denoted
by Lyp = by + b, in which by, b, are the distances from the
front and rear axles to CG. Similarly, the vertical and lateral
acceleration components of the lateral dynamics are ag, =
AymCOSPy + Gz SiNGy and g, = 02mCOSGy — AymSING, In
which a,,, is the measured lateral acceleration by IMU which
contains the kinematics of the vehicle’s CG, vehicle roll ¢,



angle, and the road bank angle ¢,.. Therefore, using (13) and
equivalent masses at each axle my = F;f ym, = e
forces at each corner are as follows:

[ i Tz . _

Furp = % |:a¢2(2 - hrcszn¢v) - a¢thG:| s

~ m; | _ TZ . _

F.r= ? a(bz(? + hrcszn¢v) + a¢thG > (14)

in which ¢ € {f,r} (front and rear axles), T, T, represent
the length of front and rear tracks respectively, and h,.. is
the height of the roll center. Normalized longitudinal forces at

F” where j € {L, R}

shows the left and right tires. The normalfzed estimated forces
My, are used for the proposed velocity estimator and will be
described in the next section

each tire then can be written as fi,,, =

III. LONGITUDINAL VELOCITY ESTIMATION

Kinematic-based velocity estimators and their limitations
due to lack of observation are investigated first in this section.
Afterwards, a velocity estimation method that includes obser-
vations on tire forces is provided. However, the performance
of the velocity estimators based on tire forces is practically
limited because of uncertain road friction and tire parameters,
especially for the transient and saturation regions. Conse-
quently, this section proposes a method that assumes road
condition as uncertainty and estimates velocity with a time-
varying Kalman filter. The stability of such linear time-varying
observer with deterministic and stochastic initial conditions is
also shown.

A. Kinematic-based velocity estimation

Because of difficulties in dealing with time-varying
tire parameters and unknown road conditions, conventional
kinematic-based velocity estimators employ acceleration mea-
surement and rely on GPS data intermittently. Linear, Kalman,
or nonlinear observers are used in such kinematic-based meth-
ods [1], [5], [6] without using a tire model. Kinematic-based
estimation structure uses transformed kinematic equations at
each corner with the following dynamics:

Uy = Qg + TUy + Agp + O,

Uy = Gy — TUg + Gyp + §)y, (15)

where the yaw rate is denoted by r , and the vehicle states
Ug, Uy are estimated using the measurements of acceleration
and wheel speed. The bias and uncertainties in the acceleration
measurements are represented by azp, ayp and €, €, respec-
tively. Any stochastic estimator may be used for (15) in which
the only reliable and available measurement is the wheel speed
because of the lack of a tire model which could provide tire
forces as an additional measurement.

The integration of acceleration measurement, removing bias
and noises by GPS, and correction with the Kalman observer
would consider providing vehicle states accurately [5], how-
ever, the accurate GPS data may not be available at all time
and on production vehicles due to high costs. Poor accuracy

and low bandwidth of available commercial GPSs, particularly
in the lateral direction, and loss of reception are primary
impediments. Moreover, estimation errors for low-excitation
conditions with continuous high-slip ratio in such kinematic-
based techniques makes the model-based estimation methods
more promising [10], [15], [16]. However, model-based ap-
proaches based on the correction with the tire forces should
deal with the varying model (tire) parameters and unknown
road friction. This issue is tackled in the next subsection using
the lumped LuGre tire model without the road friction term.

B. Corner-based velocity estimation

Implementing a tire model independent of road conditions is
desirable for velocity estimation. Doing so is possible with use
of an observer-based approach, which treats the road friction
as a bounded uncertainty. This method is targeted in this
article and experimentally tested for both dry and slippery road
conditions. The average lumped LuGre model is introduced
in [21] to obtain the tire forces using the force distribution
coefficient x, rather than by integrating bristle element forces
over the tire patch length. Representing average deflection of
the bristles, the tire internal state z((, t) in the average lumped
LuGre model, has the capability of being used in a velocity
estimator as a state, because of its dynamics:

oo| V]
460 = Vi~ (lfol + S0 ) s, o
in which [ € {x,y}, ( is the axis coordinate, oq; is the rubber
stiffness, V,; shows the relative velocities. The level of tire
and road adhesion is represented by introducing a so called
”Road Classification Factor”, which may vary between 0 <
6 < 1 according to dry, wet, and icy conditions respectively.
The longitudinal relative velocity can be replaced by V,., =
R.w—u,: where the longitudinal velocity in the tire coordinate
system is denoted by u,;. The longitudinal relative velocity
in the tire coordinate of the LuGre model resembles the slip
ratio A = mafe; :jfj in the mostly used tire models such
as Burckhardt [19] anJ Pacejka [33]. The parameter « in the
average lumped model can be a constant, or a function of
time, or may be approximated by an asymmetric trapezoidal
scheme. The suggested value for x in [34] is kK = %L, where
L is the tire patch length. In addition, g(V,;) is defined by

Vel o
9(Vi) = pe + (s — /MLC)e_lViysl‘ , in which g, us are the
normalized Coulomb friction and static friction, respectively.
The Stribeck velocity V; shows the transition between these
two friction states. The tire parameter o = 0.5 is assumed for
this study.

The final form of the normalized friction force (y; = ) of
the average lumped LuGre model yields p; = og;2; + O’llZl +
091 V,;. In addition, the internal state z; can be expressed using
the two-dimensional combined-slip LuGre model, which con-
siders the effect of longitudinal/lateral slip on the tire capacity
in another direction. The LuGre non-measurable longitudinal
internal state can be written at each corner (wheel) in the
presence of uncertainty Q,(t) as:

2(Cot) = Vi — R Relw|22(C, 1) + Q:().  (17)



Uncertainty 2, (¢) is replaced with the road friction term
%zm and is bounded because of the passivity of the
LuGre model. Moreover, the derivative of the relative velocity

is also corrupted due to the sensor noise and bias [35]:

Vrm = Rews - uwt + Qa(t)7 (18)

in which w, stands for the wheel’s rotational acceleration
and 1u,; represents the projected longitudinal acceleration
in the tire coordinate system. The term ,(t) shows the
deviation of the measured relative acceleration R.ws — 1,1
from V,, because of the sensor noises. Establishing these
equations allow the development of a Kalman-based observer
to incorporate longitudinal tire deflections (17) and relative
velocities (18) concurrently and to compare the output with
the longitudinal forces i, provided in section II. The general
form of the velocity estimator at each corner ¢j, which can be
addressed by the KF, with w > 0 is given as follows in which
Q= Q%

&= A(t)z + B(t)u+ Q

—kzRew 1 0 2y 0
=M! 0 0 0
—kzReww 0 —kzRew 2 0
y=Cx+T =00,2; +02;Vre + 0122, +1T. (19)

Process and measurement noises are denoted by 2, I" re-
spectively, and M = [1 0 0;0 1 0;0 —1 1]. The
linear time-varying system (19) uses a reduced number of tire
parameters: normal force distribution factor x, rubber stiffness
00z, Tubber damping o1,, and relative viscous damping o,
These tire parameters are not related to the road condition and
friction parameters. The bounded error covariance and stability
of linear time-varying estimators for both known zero and
nonzero initial error covariance were explored in [36], [37].

Observability is a sufficient condition for implementation of
an optimal variance filter (such as a Kalman estimator). On the
other hand, the controllability property guarantees asymptotic
stability of such filters for the linear time-invariant case. The
observability and controllability conditions are next studied for
the Linear Time-Varying (LTV) system (19), which has the
discrete-time form:

Ti+1 = ApTi + Brug + 0ok,
Y = Crrp + Vg, (20)

with process and measurement uncertainties o, v, which
have the covariance Qr = Elog, 017], R = E[vg, 7]
accordingly. Process and measurement noises are assumed to
be uncorrelated E[ox, v} ] = 0 and have zero mean E[g;] =
]E[l/k] =0;Vk € N.

Discretization of the system is done by the Step-Invariance
method, because of its precision and response characteristics,
which prohibit divergence of the integration of stable dynamic
systems [38]. Input to the continuous-time system is the hold
signal uy, = u(ty) for a period between ¢, < t < ti1 with the
sample time T,. Then, the discrete-time system is defined by
Tr+1 = Arzi + Bruy with state transition and input matrices
Ay = eAWTs and By, = fOT‘“’ AT B(t)dr.

The discrete-time Kalman observer suggests the following
prediction with correction to estimate the states (tire internal
state z and the longitudinal relative velocity V,.,) defined by
&p+1); = Elzk|y;] using a sequence of measurements y;:

Tpg1p = ApZrjp—1 + Brup + Ki(yx — Crigpp—1), (1)
where the optimal Kalman gain is Kj =
Ak,Pk‘k_lC’kT(C'kPk‘k_leT + Ry)~! and error covariance
Pyi1i £ cov(zyq1 — £p41)5) forms a discrete time-varying
Riccati equation (22) for both zero and non-zero state
initialization Zo_; = E[zo] and covariance initialization
B s - - 7.

Py—1 = cov(wo) = E [(zo — &o—1) (w0 — Toj-1)" |
Pyiijp = APy AL + Qr — KiCi Py AL (22)

The Kalman gain and error covariance do not depend on the
measurements, even for the time-varying case, but only on the
noise statistics. The estimation error is defined by ey q); L

Tyl — £k+1|j, which yields:

i1k = (Ax — KpCr)epp—1 — Kpvr + 0k (23)

Via | + M7 | 1| (Rews St@g)%l)lt_y o}, the estimator is investigated in the following.

C. Stability of the estimator

Stability of the error dynamics (23) is studied in this section
with known and uncertain initial conditions. The detectability
and stabilizability definitions in (A1) and (A2) are required for
the stability analysis of the suggested discrete-time estimators.
Uniform detectability leads to bounded error covariance. In
addition, stabilizability of the paired state transition matrix and
process noise results in exponential stability of the estimator,
as proved in [39], [40].

The stochastic observability, stability and convergence of
the state mean, and bounds on error covariance of the Kalman
estimator for LTV systems, such as that in (21), were stud-
ied in [39], [41]. These studies were focused on systems
with deterministic parameters and known initial state vectors
and done in terms of uniform complete observability and
controllability grammians. On the other hand, the bounded
error covariance and stability of the Kalman estimator for
systems with completely uncertain initial covariance/states is
investigated in [42].

Uniform detectability and stabilizability conditions are in-
vestigated in this section to check the stability and error
covariance boundedness of the proposed velocity estimator for
two cases: a) known zero/nonzero initial states b) complete
uncertainty of the initial-state statistics.

Proposition 1: There exists a state estimator such as
Kalman (21) having bounded error covariance for time-variant
system (19) with deterministic time-varying parameters and
known initial state/covariance.

Proof: For the system zpi1 = ArZx + 0k, Yr =
Crxy + vy with uniform detectability of [A, Cy], the known
initial state/covariance, and the process and measurement noise
covariances i, Ri, there exists a state estimator such as
the Kalman having bounded error covariance (see Appendix)
[39]. Furthermore, stabilizability of the pair [Aj, G| leads to



exponential stability of the KF, where (G, is an appropriate
matrix obtained by Q = GkGf. Proof is provided in [39].

Therefore, the detectability condition (Al) should be ex-
amined for the proposed velocity estimator (19). This is ex-
perimentally checked for the deterministic time-varying wheel
speed of the discrete-time systems matrix Aj. The rank of
V(0, N) on several road experiments is shown in Fig. 1, where
N represents the total number of iterations with the sample
time 75 = 0.005]s].
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Fig. 1: Observability test: rank of V(0, N) for known initial
state/covariance

Fig. 1 shows that the suggested estimator has full rank on
the observability grammian (A1) for all performed maneuvers,
showing the observability of the system for known initial
covariances. Maneuvers include double lane change (DLC);
acceleration-in-turn (AiT); brake-in-turn (BiT); and launch on
dry, snowy, and icy roads. The launch maneuvers do not
have the full rank condition for ¢ < 2 because the wheel
speed has been zero for that period, which is not the concern
of this study. The stabilizability condition is also required
since states should be affected by the noise such that the
optimal Kalman estimator is forced to utilize measurements.
This condition is also satisfied and the grammian (A2) has
full rank. Additionally, since the system matrix A(¢) in (19)
is physically bounded (because of the wheel speed and its
derivative characteristics), a conventional observability test is
performed here. The observability matrix for system (19) is
given by [43]:

)",
Tit1l = TiA(w) + 7. 24)

On = [7'1 T2...
T1 :C,

Observability is confirmed by holding the full rank condition
rank(Qs) = 3 at each fixed time span for operating regions of
the wheel speed and its time derivatives. Thus, the suggested
parameter-varying corner-based estimator (19) is observable
and it is feasible to observe the longitudinal tire internal
states Z, and the relative velocity V., with any known initial
covariance matrix and by employing the longitudinal force as
the output. ]

In the case of complete uncertainty on the initial
state/covariance, the estimated covariance matrices can be
unbounded even if the LTV system satisfies the observability
criteria (A1). The bounded error covariance and stability of the
Kalman filter for the proposed velocity estimator (19) with

completely uncertain initial state/covariance is investigated
here in the following.

Proposition 2: The longitudinal states z,, V,., of the time-
varying system (19) can be recovered using measurements fi,,,
and a Kalman estimator with stochastic initial covariance/states
at each corner.

Proof: By definition, the system (20) is stochastically
observable if there exists a finite time ¢y, such that the state
covariance matrix P is bounded [42]:

Am,ax(-lak) < )\bv tk 2 tfa (25)

where A\yqz (Pk) shows the largest singular value of the matrix
Py, and )\ is a predefined scalar bound. Assuming initial state
covariance matrix Py _; = 1,9 € R, 4 > 0, one can rewrite
the time-varying Riccati equation (22) as [42]:

Peyipk = OMig1 + Nip1 + Skt (26)

where  Njq1 = N1 (Mg, Nigs 0, CiQrey Ryo),
Skr1 = Sppa(, Spy N, bk, My, G, Qk, Ry),  and
M1 = ¢k70X0,ng.k¢£o- The procedure for obtaining
Xo,x is provided in the Aﬁpendix and ¢;; = ¢ii—10i—1,5
are the state transition matrices for ¢ > j with ¢;11,; = A4;.
In summary, the following Lemma presents two tests for
observability of the velocity estimator with stochastic initial
conditions.

Lemma 1: [42] The Kalman estimator (21) on the system
(20) with an error covariance matrix (22) and stochastic initial
state Py = 91,9 € R+ is stochastically observable if the
condition Ay,qq (M) = 0 (test 1) holds for a finite time ¢
and Apaq (Nit1) < Ap for ¢, > ¢ (test 2) with a predefined
bound A, where M1 is obtained from the modified Riccati
equation (26) and the procedure provided in (A6), (A7) in
the Appendix. Employing the condition Ay,qq (M) =0 for a
finite time ¢; < oo, the modified Riccati equation (26) changes
t0 Pji1jp = Nig1 + Sk41 which leads to a simplified form
of Njy1 as in:

Nis1 = ANGAL + Qi — AeNGCEE ' EL T CRuNL AL,
(27

where =, is expressed in (A7).

Whenever the two criteria on My, Nj11 in Lemma 1 (so
called test] and test2) are met, the Kalman observer (21) is sta-
ble even if the scalar 1) has infinite values. These two tests have
been performed on the proposed observer with ) = 2.5¢ — 3
and R = le — 3 and results are depicted as follows. Figure 2
exhibits A4z (M), where M is obtained from (26) and
the procedure provided in the Appendix. Different experiments
such as DLC, brake-in-turn (BiT), sharp turn, and steering on
dry and slippery (snow/ice) roads have been performed and
results are illustrated in Fig. 2.

From the plots in Fig. 2, it is apparent that the largest
singular value of M converges to zero after ¢y = 0.03 sec. for
different experiments. The values of A\p,qz(Npy1) with Nyiq
from (27) are plotted in Fig. 3.

The results on different road conditions and pure/combined
slip maneuvers, as shown in Fig. 3, indicate that the maximum
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mental results

singular value of A1 remains bounded. Thus, the both crite-
ria (testl and fest2) are met and the discretized form of system
(19) with KF estimator (21) is stochastically observable. H

Consequently, the presented model-based estimation is sta-
ble, and errors of the state mean have bounded variance for
both known and stochastic initial covariance.

Figure 4 shows the structure of the discussed estimator, in
which subscript ij represents the estimation/measurement at
each corner. The newly proposed longitudinal state estimation
approach, which is independent from the road condition, is
developed using the UKF force estimator (in Section II) and
the Kalman observer on the linear time-varying system (19).

The presented UKF force estimator structure in Fig. 4
depicts the procedure for the sigma points propagation and the
covariance matrix update. The estimated relative longitudinal
velocities V., at each corner from (21) are used for the
longitudinal velocity estimation at the tire coordinates as
Ugt;; = Rewij — Vi, . Afterward, each corner’s longitudinal
velocity in the vehicle coordinates i, ; yields:

Uy, = gy, COS G — Uy, ; SN dyj, (28)

in which §;; is the steering angle at corners and the estimated
lateral velocity at each corner’s tire coordinates is denoted
by ty¢,,. Consequently, longitudinal velocity at the vehicle’s
center of gravity can be expressed as i, = MUy, + N2l
in terms of corners’ estimated velocities in which the av-
erage estimated velocities on the front axle are defined by
liz; = (g, +1g,p)/2. Front and rear axle gains are denoted
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Fig. 4: Structure of the longitudinal velocity estimation with
the tire model

by 71, m2. The allocated gains for the road experiments in this
study are 171 = 1 = 0.5, but they can be variable and defined
adaptively based on the level of excitation.

A high-slip detection algorithm is also used to deal with
the noises associated with large slip ratio conditions. Noise
covariance matrices change appropriately upon detection of a
high-slip case to incorporate changing in the level of reliance
on the vehicle kinematics (process) and longitudinal forces
(measurement). Covariance matrices (), R change adaptively
to avoid fluctuations (caused by nonlinearities/disturbances)
during harsh maneuvers on slippery surfaces.

This algorithm needs a slip ratio threshold A;, after which
the process and measurement covariance matrices change to
Q =3.3¢ % and R = 2.1e™! respectively. Sudden changes in
the slip-ratio (vehicles response) will not be detected in case of
large constant high-slip threshold. This leads to more required
time for the estimated slip-ratio to satisfy the threshold (i.e. it
requires larger excitations). On the other hand, small constant
threshold results in unnecessary detection of the large slip
cases. Thus, in the developed high-slip detection module, the
threshold changes between the predefined upper and lower
bounds A, \; according to the driving conditions as:

A A L e’% (29)

th u 0o m )
where ¢, = \/%(/\u — ;) and o, represents variance of the
vehicle’s acceleration ay over a moving window with size N,
ie. 0. =var{||aglla: m — N, <k <m},Ym e N,m > N,,
in which ||ay|l2 = /a2, + a2, and a,,,a,, are measured

longitudinal and lateral accelerations. The rate of transition
between the predefined upper and lower thresholds A, \; is



denoted by .. Thus, for |A| > ), the covariance matrices
@, R change to the new values.

To use the current measurement and remove the outliers
and detect the large slip scenarios, time derivative of the
wheel speed |w| is also implemented and a threshold |wyp|
is introduced as a criteria after which the changes in the
covariance matrices should happen. Finally, the covariance
matrices change when each of the slip-based or wheel speed-
based criteria are met i.e. {|A| > A\, V|w| > |wip|}. This leads
to the prompt detection and consequently proper covariance
matrix allocation. Simulation and experimental results in the
next section confirm the validity of the algorithm on dry and
slippery roads.

IV. RESULTS AND DISCUSSION

This section includes simulation and experimental tests
for validation of the longitudinal state estimator on a fully
electrified sport utility vehicle (SUV) with four independent
wheel drive, specifications given in Table I, and longitudinal
tire parameters oo, = 612,01, = 0.87,092, = 0.0016,x = 8§,
and R, = 0.35.

TABLE I: Vehicle Spec. for Simulation & Experiments

m [kg] 2270 Vehicle mass
I, [kg.m? 4650 Vehicle moment of inertia
I, [kg.m?] 1.68 Wheel moment of inertia
Ly [m] 2.85 Vehicle wheel base
by, by [m] 1.42,1.43  Front & rear axles to CG
R, [m] 0.33 Effective radius
Rre [m] 0.54 Roll axis height
hee [ml] 0.65 CG height
T, Ty [m] 1.62, 1.56  Front and rear track width

For the purpose of analysis, road tests are performed,
and results of the longitudinal velocity and force estima-
tors are presented for different road frictions. Measured sig-
nals are communicated using a CAN-bus, a conventional
communication method in production vehicles. Real-time
logging of this sensory information was done using the
dSPACE®MicroAutobox®). The dSPACE®compiles mea-
surements for MATLAB/SIMULINK, and the controller pro-
vides control signals for the dSPACE®as well. The test
platform SUV and input/output layout are shown in Fig. 5.
To validate the estimated forces, this vehicle is equipped with
additional sensors for direct measurement of tire forces and
moments at each corner.

Several driving scenarios such as acceleration/deceleration,
lane change (LC), double lane change (DLC), acceleration-in-
turn (AiT), brake-in-turn (BiT), harsh steering, and launches
were examined on various roads.

A. Force estimation results

In Fig. 6-a forces estimated by both the UKF and the
unknown input observer (UIO) are compared with the CarSim
tire forces on a slippery road for a maneuver with successive
accelerator and brake pedal requests. The simulation occurs
on a slippery road with © = 0.3, and the initial longitudinal
velocity of the vehicle is ug, = 30kph.
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Fig. 6: Estimated longitudinal forces in (a) acceleration/brake
on a road with © = 0.3 (b) AiT on dry (c) AiT on a slippery
road with ¢ = 0.25



The proposed force estimation methods are independent
of the road condition and The UKF estimator exhibit more
accurate and smooth performance than UIO for such maneuver
with successive sign changes of the slip-ratio. An acceleration-
in-turn (AiT) maneuver on dry and slippery roads is simulated
in the CarSim and results are graphically illustrated in Fig. 6-b.

For the AiT driving scenario, the accelerator is applied
to 100% at ¢ = 2[s] and continues till ¢ = 4[s]. It is
released between 4 and 6[s] and pushed up to 100% again
as a step signal till ¢ = 11[s], then it is linearly reduced
to zero at t = 15[s]. A steering angle dg, = 1[rad] is
imposed between ¢ = 2 — 12[s] as well and the steering ratio
is rs = 16.7. The performed combined-slip AiT maneuver
is harsh, but the suggested UKF for estimator by weighted
averaging of the sigma points’ values handles the oscillations
in the transient regions resulted from imposing and releasing
torques on wheels better than UIO. The fluctuations observed
in the CarSim’s force profile curves are attributed to the
requested acceleration with high magnitude.

The road experiment results of the force estimation at the
rear-left corner in a driving condition with harsh steering on a
wet road (u ~ 0.45) are shown in Fig. 7 and compared with
the measurement for the test platform vehicle with the stability
control system, which prevents high side slip angles.
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Fig. 7: Road experiments, harsh steering and lane change on
wet (a) estimated F), at rLL (b) rear wheel torques (c) rear wheel
speeds (d) steering wheel angle d,,

The Effective torque and the wheel speed of the rear wheels
T, ,,wr; are also depicted in Fig. 7. UKF-based and UIO
estimators suggest accurate estimation for such harsh steering
condition. Another test, a double lane change (DLC) maneuver,
with high slip and lateral excitation is conducted on a snowy
surface and force estimation results of UIO and the proposed
UKEF approach are compared in Fig. 8 for the rear left wheel.
The force peak values in the DLC maneuver (Fig. 8) on snow
is higher than the wet surface (Fig. 7), which shows that the
driving on the wet road was not very severe.

There is a certain level of correspondence between the out-
comes of the two estimation methods and the measurements,
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Fig. 8: DLC on snow and experimental results (a) estimated E,
at rL (b) rear wheel torques (c) rear wheel speeds (d) steering

wheel angle 0.,

even with presence of high slips. However, but UKF exhibits
more consistent and smooth results for the DLC on snow from
t =4.1tot=4.5[s] and around ¢t = 5.1, 7.8[s] which are the
sudden drop or increase in the torques at each corner.
Accuracy of the longitudinal force estimators are evalu-
ated in different maneuvers with the normalized root mean

N. N
square of the error NRMS defined by ¢ = 2 (Pimp)?/Ny
where the measured and estimated signals are d]gﬁoted by
p and p respectively, N, is the number of collected signal
samples during a driving scenario (DLC, AiT, BiT, etc.), and
Pm = Mmax |pi| shows the maximum value of the measured
1=1...

signal. The normalized root mean square ¢ of the estimated
longitudinal and vertical forces and velocities in different
driving scenarios and on various road frictions are listed in
Table II where & and & represent the NRMS for the UKF and
UIO respectively.

TABLE II: NRMS of the Errors for the Longitudinal Force
Estimator (with ¢, & for the UKF and UIO) and Vertical Force
Estimator

Estimated Steer-wet/dry DLC-snow BiT/Accel-snow
forces S1[%] 2 [%] &1 [%] S2[ %] S1[%] S2[ %]
Fu,p 3.85 4.05 4.87 6.11 5.04 4.90
Forp 4.02 3.91 5.32 5.18 6.23 6.28
F., 3.97 426 476 522 577  6.33
Fu 451 471 495 549 564  7.10
= SRl pm[kN] — S%]  pmlkN]  S[%]  pml[EN]
Fh. | 272 1241 301 1016 3.03  7.06
F. . 2.15 10.02 2.74 8.37 3.54 7.19
F. o 1.93 10.14 2.82 8.39 2.92 6.82

Table II substantiates that the NRMS of the estimated
longitudinal forces by UKF is better than the UIO and it is
less than 6.25% for the performed maneuvers on dry, wet,
and snowy roads. Therefore, the UKF approach is selected



as the longitudinal force estimator for the velocity estimation
in Section III because of its superior performance. The mov-
ing sigma points (in the UKF approach) through the wheel
dynamics (1) reduce estimation fluctuations, especially during
transient regions, even in the presence of uncertainties such
as in road conditions, which may vary from icy to dry (i.e.
0.1 < 0 < 0.97) in the tire model, effective radii with +5%
variation, and corrupted measurements of wheel speed and
torque with variance R, = 0.18 and Ry, = 32 respectively.
The vertical force estimator leads to the normalized error
e < 3.9% which confirms effectiveness of the algorithm on
dry and slippery roads. Observed errors between the measured
and estimated forces in Table II may have several sources
such as camber angle, which has not been modeled in the
estimation algorithm. Moreover, inaccurate inertial parameters
and uncertainties in the CG location contribute to such errors.

B. Velocity estimation results

The stochastic observability of the suggested velocity esti-
mator (19) was studied in the previous section for both known
and uncertain initial states/covariances, and it is experimentally
concluded that for the case with uncertain initial covariance,
in addition to the observability condition, two supplementary
criteria Ayqq (M) = 0 (testl) and Aypaq (Nit1) < Ap (test2)
are met for various maneuvers and road frictions.

To verify the proposed velocity estimator in maneuvers with
lateral excitation, a step steer (SS) scenario is simulated in
CarSim with the initial speed u,o = 60[kph]. Fig. 9 illustrates
longitudinal velocity estimates for this SS case on a dry
road with steering wheel angle 05, = 2[rad] at ¢ = 2[s].
The simulation confirms that the newly proposed corner-based
velocity estimator provides accurate results in maneuvers with
both longitudinal and lateral slips on dry road conditions.

The second set of analysis on the velocity estimator exam-
ines the suggested approach in CarSim for an AiT maneuver.
Figure 9 also demonstrates an AiT test with the initial ve-
locity of u,o = 30[kph] and maximum steering wheel angle
dsw = 1[rad] at t = 2[s] on dry and slippery (¢ = 0.3) roads.
Accelerator is applied to 100% at ¢ = 5[s] and continues till
t =10[s].
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Fig. 9: Estimated longitudinal velocity for SS and AiT on dry
and slippery roads

Simulation results reveal that the proposed estimator per-
forms well on various road conditions for maneuvers with
both longitudinal and lateral excitations. Outcomes of the road
experiments on a fully electrified SUV (shown in Fig. 5) are
presented in the followings. One of the main objectives of such
an estimator is to provide reliable longitudinal velocity ., at
each corner for traction control systems during launch (or hard
acceleration) on slippery roads. Fig. 10-a shows performance
of the proposed estimator for a launch on a highly slippery
wet surface with ¢ ~ 0.3 which ended on a dry surface with
a break. Moreover, an acceleration-in-turn (AiT) maneuver on
the same wet surface with a break on dry was performed and
estimated longitudinal speed results are provided in Fig. 10-a.
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Fig. 10: Launch and AiT on wet and transition to dry (a)
estimated speed (b) measured accelerations (c) measured yaw
rate

The input torque from the driver for the launch maneuver
on highly slippery wet surface brings the tire up to their
longitudinal capacity. The measured longitudinal acceleration
shown in Fig. 10-b for this maneuver is bellow 3.3[m/s?]
which confirms slippery conditions according to teh required
accelerator pedal by the driver up to the tires’ limits. For
both tests, the stability and traction controllers were active, but
intentionally set to have a poor performance, which leads to
sudden increase in the wheel speed and subsequently slip ratio
at each corner. Front tire loose grip in launch and acceleration
cases due to the drop in the vertical force on the front track
by the load transfer. Therefore, in such maneuvers high slip
ratio for the front tires is a concern for traction control systems.
Wheel speed for the front tires i.e. fL, f R are shown in Fig. 11
and compared with the estimated velocities and the measured
velocities by GPS.

Results of such maneuvers corroborates that even with pres-
ence of high slips, the proposed estimator provides accurate
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and reliable longitudinal velocity estimates 4, at each tire
(Wheel C.) and subsequently at the vehicle CG i.e. 1.

In order to assess the proposed approach in road experiments
with high lateral excitation (combined-slip characteristics) and
large longitudinal slip, a brake-in-turn (BiT) accompanied by
hard acceleration on snow (with p ~ 0.35) is done and
the estimation results are provided in Fig. 12. Measured
accelerations and the yaw rate for such BiT case is provided
in Fig. 12-b that shows the weak grip condition for each tire.
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Another experiment with harsh steering on snow and ice
road (with p =~ 0.25) was executed to validate the method
and the outcomes are also demonstrated in Fig. 12 together
with the measured accelerations and the yaw rate. As can be
seen from Fig. 12-a, the developed algorithm with the high-

slip detection module provides accurate velocity estimates in
maneuvers with combined-slip characteristics on snowy and
icy roads as well.

Wheel speed of the front tires’ center for the BiT and
steering maneuvers on snow/ice are compared with the esti-
mated and measured velocities in Fig. 13. The estimates by the
proposed corner-based approach have correspondence with the
measurement in spite of the large slip cases around ¢ = 6[s]
and after ¢ = 11[s] for the harsh steer on snow/ice and in
4 <t < 7.8[s] for BiT on snow.
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Fig. 13: Wheel speed, measured corner velocities, and esti-
mated velocities at Wheel C.for (a) steering on snow/ice (b)
BiT and Accel. on snow

The high-slip detection module changes the covariance
matrices of the Kalman-based estimator based on the method-
ology discussed in section III. This significantly improves the
outcomes by defining the level of reliance on the forces for
the velocity estimation correction.

The simulation and experimental results provided in this sec-
tion show that the suggested method with the Kalman observer
can provide longitudinal state estimates, in the absence of road
friction details. This method has been experimentally tested
with aggressive maneuvers such as increasing the longitudinal
speed during cornering, acceleration-in-turn, harsh steering,
and launch on low-friction surfaces.

V. CONCLUSION

A corner-based longitudinal state estimation robust to the
road condition changes is proposed in this article. An unknown
input observer and unscented Kalman filter are investigated
for estimation of longitudinal forces and the stability of the
unknown input observer for longitudinal force estimation is
provided. The important feature of the developed corner-based
force estimator is that it does not implement any tire model
and is independent from changes in the road friction or tire
parameters due to wear, inflation pressure, etc. In addition, the
suggested force estimators can address the cases in which tires
are on surfaces with various road frictions (split-u).

A Kalman-based velocity estimation method using the av-
erage Lumped LuGre model at each corner is proposed in this
article, and its performance is studied. Taking advantage of



the dynamics on the internal tire deflection states, the LuGre
model facilitates combination of the vehicle kinematics and tire
forces. Stochastic observability of the proposed Kalman-based
velocity estimator are also investigated. Based on the experi-
mental and simulation results, it is concluded that the proposed
estimator can handle dry/slippery roads with pure/combined-
slip conditions.

One of significant advantages of the suggested Kalman
observer is that the unidirectional lumped LuGre model can
be employed instead of the combined-slip model. This substi-
tution is made possible by denoting the term zg;(lxrg, which
contains the combined friction model, as uncertainty.

The proposed velocity estimation algorithm detects large slip
ratio cases with an adaptive high-slip threshold (29), based on
the excitation level, to allocate adaptive covariance matrices
and tackle the noises associated with harsh maneuvers. The
road experiments show that the corner-based state estimators
can handle dry and slippery roads with the normalized error
RMS ¢ < 6.25% for the longitudinal force estimation, ¢ <
3.9% for the vertical (normal) force, and ¢ < 6.6% for the
longitudinal velocity estimation.

The developed longitudinal estimators can be integrated with
active safety systems (e.g. stability control and traction control)
to enhance the performance of such systems in presence of
road friction changes. Moreover, while preserving the overall
structure of the estimation, one can replace force and velocity
estimators independently because of the modularity of the
provided structure.

Observed inconsistencies in some tests of the proposed
estimation approach are due to the lack of a general chassis
model, a limitation to be addressed in future works, using the
vehicle generalized force model.
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APPENDIX

e Detectability and stabilizability:

Definition 1: The pair [Ay,Cj] in the linear time-
varying discrete-time system with state update zj+1 =
Az + Brup and output equation y, = Crxy is
uniformly detectable if 30 < ¢; < 1,c0 € RT and
g,k2 > 0, such that in case ||¢g,+q.k,9 > c1l|V|
for some 9, k1, then 91V (ky, ko) > o919, which
necessitates the observability grammian V(kq, k2) to be
V(/ﬂl, kQ) > d1I > 0 for some d; [39]:

ko
V(ky, ko) = Y &g, Cf Crdior,s  (AD)
k=k1

where ¢;; = ¢ii—10i—1,; and ¢iy1; = A; as the
state transition matrices for ¢ > j. In addition, the pair
[Ak, By] in the linear time-varying discrete-time system
(20) without process and measurement noise effect is
stabilizable if 30 < ¢; < 1,¢0 € RT and ¢, ko > 0,

such that in case ||¢x2,r2—q¥|| > c1||9]| for some ¥,
then 9T W(ky, ko — 1)9 > ¢4, which necessitates
the controllability grammian W(kq, ks — 1) to be full
rank [44]:

ko—1
W(ki by —1) = Y Gk, ks1BeBE oL, 411, (A2)
k=k,

I
Bounded error covariance for the Kalman filter: this
characteristic for the time-invariant KF has been proved
before, but provided here for convenience. Detectability
condition on (A,C) leads to a linear estimator with
matrix K*:

Tk = Azgpy + K (Yo — Cagp_y), (A3)

where (A — K*C) is stable. Thus, the error covariance
matrix for such estimator is defined by P} 1k =

E (@11 = #40p) @01 = 77417 | that yields:

Py =(A— K*C)P;(A- K*C)" + K*RK*",
(A4)

which can be written as:

Pl = (A= K*CY Ry, ((A- K0y *)"
k
+3 (A- K*C)(K*RK*" 4+ Q) (A- K*C)")
=0

T

(A5)

The first term vanishes and the second term is also
bounded because of the stability of (A — K*C).
Therefore, the error covariance P 1k of such linear
estimator is bounded. This results in bounded error
covariance P for the Kalman estimator because of the

optimality of the KF.

Defining M1 and N1 for completely uncertain
initial covariance/states [42]: the initial M, N are
attainable by the initial measurement error covariance
Ry as 2=y = Ry, which yields the projector ® of
a vector onto the orthogonal complement of the range
space X :

Yo = CIEy?
By =1 Xo(XI2o) 2l
Xo X! = @

My = AgXo XT AT
N = Qo+ Ao%o((25%0)*)°S5 A5, (A6)
where (.)* represents pseudo inverse of the matrix (.)

and full rank factorization of ® is denoted by Xj. The
matrix My is then defined using the fresh C}, and the



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]

measurement noise Ry as the following procedure:
EFEr = Ry + ORNCF
X = X({kflﬂﬁg,ockTEl;l
Op, =1 — Zp(SE Se) T
X X =,
M1 = dr0Xox X0 kb0

in which X is the full rank factorization of ®
and Xz £ XoXp.. X% Employing the condition
Amaz (M) = 0 for a finite time, N1 is related to N,
as in (27). In addition, the Si41 matrix in the simplified
Riccati equation Py, = Nii1+ Sky1 can be written
as:

(A7)

Sk41 = AkSkAk Ak/\/kaT:,;l ( :

Tkl

— AN CE=ER ( e ORS AL

— A4S0 ER <

E_TCkSkAZ
(AB)

(U
—|— ) :;TCkaAg

— AkSkCEEI_(l <
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