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(57) Abstract: A processor (26) using a first Kalman filter (52, 52.1) estimates a host vehicle state from speed (U) and yaw rate, the
latter of which may be from a yaw rate sensor (16) if speed (U) is greater than a threshold, and, if less, from a steer angle sensor and
speed (U). Road curvature parameters (C0O, C1) are estimated from a curve fit of a host vehicle trajectory or from a second Kalman

& filter (54, 54.1) for which a state variable may be responsive to a plurality of host state variables (72, 74). Kalman filters (52, 52.1,
54, 54.1) may incorporate adaptive sliding windows. Curvature of a most likely road type is estimated with an interacting multiple
model (IMM) algorithm (2400) using models of different road types. A road curvature fusion subsystem (96) provides for fusing
road curvature estimates from a plurality of curvature estimators (42.1, 42.2, 42.N) using either host vehicle state, a map database
(88) responsive to vehicle location (86), or measurements of a target vehicle (36) with a radar system (14).
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ROAD CURVATURE ESTIMATION SYSTEM

BRIEF DESCRIPTION OF THE DRAWINGS

In the accompanying drawings:

FIG. 1 illustrates a block diagram of hardware associated with a predictive collision
sensing system;

FIG. 2 illustrates a coverage pattern of a radar beam used by the predictive collision
sensing system;

Fig. 3 depicts a driving scenario for purposes of illustrating the operation of the
predictive collision sensing system;

Fig. 4 illustrates a block diagram of the hardware and an associated signal processing
algorithm of the predictive collision sensing system;

Fig. 5 illustrates a flow chart of an associated signal processing algorithm of the
predictive collision sensing system;

Fig. 6 illustrates a geometry used for determining curvature parameters of a roadway;

Fig. 7 illustrates the geometry of an arc;

Figs. 8a-d illustrates an example of the estimation of target position, lateral velocity,
and road curvature parameters for a straight roadway;

Figs. 9a-b illustrate an example of the target state RMS errors from unconstrained and
constrained filtering on the straight roadway, corresponding to Figs. 8a-d;

Figs. 10a-d illustrate an example of the estimation of target position, lateral velocity,
and road curvature parameters for a curved roadway;

Figs. 11a-b illustrate an example of the target state RMS errors from unconstrained
and constrained filtering for the curved roadway, corresponding to Figs. 10a-d;

Figs. 12a-d illustrate an example of the estimation of target position, lateral velocity,
and associated RMS errors for a straight roadway involving a lane change;

Figs. 13a-d illustrates an example of the estimation of target position, lateral velocity,
and their RMS errors for a curved roadway involving a lane change;'

Fig. 14 illustrates a block diagram of hardware associated with another embodiment
of a predictive collision sensing system;

Fig. 15 illustrates a free-body diagram of a steered wheel;

Fig. 16a illustrates a geometry of a bicycle model of a vehicle undergoing a turn;

Fig. 16D illustrates a geometry of the steered wheel illustrated in Fig. 16a.;

Fig. 17 illustrates a switching curve;
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Fig. 18 illustrates a flow chart of a process associated with the switching curve
illustrated in Fig. 17;

Fig. 19 illustrates a block diagram of a road curvature estimation subsystem for
estimating road curvature from host vehicle state‘ estimates;

Fig. 20 illustrates a curvature filter associated with a first embodiment of a curvature
estimator;

Fig. 21 illustrates a curvature filter associated with a fourth embodiment of a
curvature estimator;

Fig. 22 illustrates various types of roads and associated road models;

Fig. 23 illustrates a block diagram of a tenth embodiment of a road curvature
estimation subsystem:;

Fig. 24 illustrates a flow chart of an interacting multiple model algorithm;

Fig. 25 illustrates a block diagram of a curvature estimation subsystem responsive to
vehicle location and associated road curvature data from an associated map system;

Fig. 26 illustrates a block diagram of a curvature estimation subsystem responsive to
radar measurements of a target vehicle on the roadway; and

Fig. 27 illustrates a block diagram of a predictive collision sensing system comprising
a plurality of road curvature estimation subsystems and an associated road curvature fusion

subsystem.

DESCRIPTION OF EMBODIMENT(S)

Referring to Fig. 1, a predictive collision sensing system 10 incorporated in a host
vehicle 12, comprises a radar system 14 for sensing objects external to the host vehicle 12,
and a set of sensors, including a yaw rate sensor 16, e.g. a gyroscopic sensor, and a speed
sensor 18, for sensing motion of the host vehicle 12. The yaw rate sensor 16 and speed
sensor 18 respectively provide measurements of the yaw rate and speed of the host vehicle
12. The radar system 14, e.g. a Doppler radar system, comprises an antenna 20 and a
radar processor 22, wherein the radar processor 22 generates the RF signal which is
transmitted by the antenna 20 and which is reflected by objects in view thereof. The radar
processor 22 demodulates the associated reflected RF signal that is received by the antenna
20, and detects a signal that is responsive to one or more objects that are irradiated by the RF
signal transmitted by the antenna 20. For example, the radar system 14 provides target
range, range rate and azimuth angle measurements in host vehicle 12 fixed coordinates.
Referring to Fig. 2, the antenna 20 is adapted to generate a radar beam 23 of RF energy that
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is, for example, either electronically or mechanically scanned across an azimuth range, e.g.
+/- v, e.g. +/- 50 degrees, responsive to a beam control element 24, and which has a distance
range, e.g. about 100 meters, from the host vehicle 12 that is sufficiently far to enable a
target to be detected sufficiently far in advance of a prospective collision with the host
vehicle 12 so as to enable a potentially mitigating action to be taken by the host vehicle 12 so
as to either avoid the prospective collision or mitigate damage or injury as a result thereof.
The radar processor 22, yaw rate sensor 16, and speed sensor 18 are operatively connected
to a signal processor 26 that operates in accordance with an associated predictive collision
sensing algorithm to determine whether or not a collision with an object, e.g. a target vehicle
36 (illustrated in Fig. 3), is likely, and if so, to also determine an action to be taken
responsive thereto, for example, one or more of activating an associated warning system 28
or safety system 30 (e.g. frontal air bag system), or using a vehicle control system 32 (e.g.
an associated braking or steering system) to take evasive action so as to either avoid the
prospective collision or to reduce the consequences thereof.

Referring to Fig. 3, the host vehicle 12 is shown moving along a multiple lane
roadway 34, either straight or curved, and there is also shown a target vehicle 36 moving in
an opposite direction, towards the host vehicle 12. Generally, there can be any number of
target vehicles 36 that can fit on the roadway 34, each moving in the same or opposite
direction as the host vehicle 12. These target vehicles 36 can either be in the host lane 38 or
in a neighboring lane 40 either adjacent to or separated from the host lane 38, but generally
parallel thereto. For purposes of analysis, it is assumed that the host vehicle 12 moves along
the center line 41 of its lane 38 steadily without in-lane wandering, and the road curvatures
of all the parallel lanes 38, 40 are the same. Road curvature is assumed small such that the
differences between the heading angles of the host vehicle 12 and any detectable target
vehicles 36 are smaller than 15 degrees.

Referring to Fig. 4, the predictive collision sensing system 10 uses the
measurements of speed U" and yaw rate ¢ of the host vehicle 12 from the speed sensor 18
and the yaw rate sensor 16 respectively therein; and the measurements of target range r,
range rate 7 and azimuth angle 1 for all target vehicles 36 from the radar system 14
mounted on the host vehicle 12; along with the corresponding error covariance matrices of

all these measurements, to estimate each target’s two dimensional position, velocity and

!
acceleration [x, XX 9,y, y] in the host fixed coordinate system at every sampling instance,

preferably with an error as small as possible. The predictive collision sensing system 10
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comprises 1) a road curvature estimation subsystem 42 for estimating the curvature of the
roadway 34 using measurements from the host vehicle motion sensors, i.e. the yaw rate
sensor 16 and speed sensor 18; 2) an unconstrained target state estimation subsystem 44
for estimating the state of a target illuminated by the radar beam 23 and detected by the
radar processor 22; 3) a constrained target state estimation subsystem 46 for estimating
the state of the constraint on the target, assuming that the target is constrained to be on the
roadway 34, either in the host lane 38 or in a neighboring lane 40, for each possible lane
38, 40; 4) a target state decision subsystem 48 for determining whether the best estitnate of
the target state is either the unconstrained target state, or a target state constrained by one of
the constraints; and 5) a target state fusion subsystem 50 for fusing the unconstrained target
state estimate with the appropriate constraint identified by the target state decision
subsystem 48 so as to generate a fused target state. The best estimate of target state — either
the unconstrained target state or the fused target state -- is then used by a decision or control
subsystem for determining whether or not the host vehicle 12 is at risk of collision with the
target, and if so, for determining and effecting what the best course of action is to mitigate the
consequences thereof, e.g. by action of either the warning system 28, the safety system 30,
or the vehicle control system 32, or some combination thereof. When possible, the use of
the geometric structure of the roadway 34 as a constraint to the target kinematics provides
for a more accurate estimate of the target state, which thereby improves the reliability of any
actions taken responsive thereto.

Referring also to Fig. 5, illustrating a method 500 of detecting the state, i.e. kinematic
state variables, of a target in view of the host vehicle 12, the steps of which are, for ex ample,
carried out by the signal processor 26, in steps (502) and (504), the speed U" and yaw rate
@ of the host vehicle 12 relative to the roadway 34 are respectively read from the speed
sensor 18 and the yaw rate semsor 16 respectively. Then, in step (506), the curvature
parameters and associated covariance thereof of the roadway 34 are estimated using First 52
and second 54 Kalman filters that: respectively -estimate the state (i.e. kinematic state
variables of the host vehicle 12) and associated covariance thereof of the host vehicle 12,
and then the curvature parameters and associated covariance thereof of the roadway 34, as
described hereinbelow, wherein the curvature parameters and associated covariance thereof
of the roadway 34 are then subsequently used by the constrained target state estitmation
subsystem 46 to generate associated constraints on the possible location of a prospective

target vehicle 36.
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A well-designed and constructed roadway 34 can be described by a set of parameters,
including curvature, wherein' the curvature of a segment of the roadway 34 is defined as:

c=1

R )
where R is the radius of the segment. In general, for a piece of smooth roadway 34, the
curvature variation can be described as a function of a distance / along the roadway 34 by a

so-called clothoid model, i.e.:

C=C0+il—fl=C0+Cll 2)

where C; = 1/ A” and A is referred to as the clothoid parameter.

Referring to Fig. 6, the heading angle & defining the heading direction is given by:
6=0,+ [Cydr. 3)

Substituting equation (2) into equation (3) gives

AG=0-6,=C,l+CI*/2 @

Referring to Fig. 6, the equation of the roadway 34, i.e. the road equation, in x-y

coordinates is given by:

x=x,+ _ﬁcos@(r)dr (%)
and

y=Y,+ [ sinf(e)d. (6)

Assuming the heading angle @to be within 15 degrees, i.e. 181<15°, equations (5) and
(6) can be approximated by:
Ax=x—x,~I )

2 3
A o &
2 6 (8)

Accordingly, the roadway 34 is modeled by an incremental road equation in terms of

Ay=y—y,~Cl*12+Cl*/6~C,

curvature coefficients (or parameters): Cp and C;. This incremental road equation describes a
broad range of road shapes as follows: 1) Straight roadway 34: Cy=0 and C,=0; 2) circular
roadway 34: C,=0; and 3) a general roadway 34 with an arbitrary shape for which the
change in heading angle @is less than 15 degrees: Cy>0.

The road curvature parameters C, and C,; are estimated using data from motion

sensors (yaw rate sensor 16 and speed sensor 18) in the host vehicle 12, based upon the
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assumption that the host vehicle 12 moves along the center line 41 of the roadway 34 or

associated host lane 38.

The road curvature parameters C, and C, can be calculated from data of o, a,U, U

responsive to measurements of yaw rate &' and speed U" of the host vehicle 12 from the
available host vehicle 12 motion sensors. However, generally the measurements of yaw rate
" and speed U", from the yaw rate sensor 16 and speed sensor 18 respectively, are noisy.
A host state filter implemented by a first Kalman filter 52 is beneficial to generate estimates
of o, @, U, U from the associated noisy measurements of yaw rate o and speed Uh; after
which a curvature filter implemented by a second Kalman filter 54 is used to generate
smoothed estimates of the curvature parameters C, and C;. The dynamics of the host

vehicle 12 for the host state filter follows a predefined set of kinematic equations (constant

velocity in this case) given by:

X = x+w,  w,~N©O,Q! ©
Z=H 5+, w~NOR)) (10)
where
1 7T 00 U
7 h
R I F I IR i R A
000 I )

k
and where 7'is the sampling period, superscript (-)" is used to indicate that the filter is the host

filter, and U" and o are host vehicle 12 speed and yaw rate measurements. The first

Kalman filter 52 is implemented to estimate the host state izl , and its error covariance PL’] L

as illustrated in Fig. 4.

The estimate of the host state from the first Kalman filter 52, i.e. the host state filter,
is then used to generate a synthetic measurement that is input to the second Kalman filter
54, i.e. curvature coefficient (or parameter) filter, wherein the associated Kalman filters 52,
54 operate in accordance with the Kalman filtering process described more fully in the

Appendix hereinbelow. The relationship between the road curvature parameters C,, C, and

the host state variables @, @, U, U is derived as follows:
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From equation (4), the radius R of road curvature is expressed generally as a function
R(1) of the distance [ along the roadway, as is illustrated in Fig. 7. Taking the time derivative
on both sides of equation (4) yields:

O=C,-I+C,-1-1=(C,+C,-1)-]. (12)

Noting that 8= w, the yaw rate of the host vehicle 12, and that [ =U, the speed of the
host vehicle 12, and substituting the clothoid model of equation (2) in equation (12), yields:

w=C-U (13)
or
(4]
C=2. 14
U (14)

Clothoid parameter Cy is given as the value of curvature C at /=0, or

c, =Cl,=o=—g—. (15)

Taking the derivative on both sides of equation (14) yields
D U

Cormr (16)

Using the definition of Cj, from equation (2), C; may be expressed in terms of the

host state as follows:

c.dC_dCdt _C_o oU
a4t d U U* U

The system equations for the second Kalman filter 54, i.e. the curvature filter, that

(7

generates curvature estimates Coklk and Clm , are given by

Xen =B xf +we, we~N(©0,QF) (18)
z, =H®-x; +v;, v;~NORY) (19)
where
U407 - A2 1 0 C
B! b-0+0 852 | HC:{ } ch{ 0} ’ (20)
0 1 0 1 c |,

At is the update time period of the second Kalman filter 54, and the values of the elements
of the measurement vector gf are given by the corresponding values of the state variables --

i.e. the clothoid parameters Co and C; -- of the curvature filter.
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The measurement, z; , is transformed from the estimated state [U , U, &, & ] as

follows:
b
U
L= n 21)
o &U
ﬁg (7 } Kl
and the associated covariance of the measurements is given by:
RS = J{RY, 05 @
where
a{g"} | —5’2 0 -gj— 0
Jg = ]: XM=zl = ~ ° K (23)
Ox 1575 20 36U & U 1

A

T o o O Oy,

It should be understood that other systems and methods for estimating the curvature
parameters of the roadway 34 may be substituted in the road curvature estimation
subsystem 42 for that described above. For example, the curvature parameters of the
roadway may also be estimated from images of the roadway 34 by a vision system, either
instead of or in conjunction with the above described system based upon measurements of
speed U" and yaw rate o from associated motion sensors. Furthermore, it should be
understood that yaw rate can be either measured or determined in a variety of ways, or using
a variety of means, for example, but not limited to, using a yaw gyro sensor, a steering angle
sensor, a differential wheel speed sensor, or a GPS-based sensor; a combination thereof; or
functions of measurements therefrom (e.g. a function of, inter alia, steering angle rate).

Referring again to Fig. 5, in step (508), the measurements of target range r, range rate
7, and azimuth angle n are read from the radar processor 22, and are used as inputs to an
extended Kalman filter 56, i.e. the main filter, which, in step (510), generates estimates of
the unconstrained target state -- i.e. the kinematic state variables of the target — which
estimates are relative values in the local coordinate system of the host vehicle 12 (i.e. the
host-fixed coordinate system) which moves with therewith. In step (512), the unconstrained
target state, i.e. the target velocity and acceleration, is transformed to absolute coordinates of
the absolute coordinate system fixed on the host vehicle 12 at the current instant of time as
illustrated in Fig. 3, so as to be consistent with the absolute coordinate system in which the

road constraint equations are derived and for which the associated curvature parameters are

-8-
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assumed to be constant, when used in the associated constraint equations described
hereinbelow in order to generate estimates of the constrained target state. The absolute
coordinate system superimposes the moving coordinate system in space at the current instant
of time, so that the transformation in step (512) is realized by adding velocity and
acceleration related correction terms -- accounting for the motion of the host vehicle 12 -- to
the corresponding target estimates, in both x and y directions.

The result from the coordinate transformation in step (512) of the output from the
extended Kalman filter 56 is then partitioned into the following parts, corresponding
respectively to the x and y position of the target vehicle 36 relative to the host vehicle 12,
wherein the superscript 1 refers to the unconstrained target state of the target vehicle 36:

Al 1
~ X P P
o and P! { g "J’} . 24)
Kk

=g sl "k 1 1
, P, P,
=tk

Referring again to Fig. 5, following steps (506) and (512), in steps (514) through
(524) described more fully hereinbelow, various constraints on the possible trajectory of the
target vehicle 36 are applied and tested to determine if the target vehicle 36 is likely
traveling in accordance with one of the possible constraints. For example, the constraints are
assumed to be from a set of lanes that includes the host lane 38 and possible neighboring
lanes 40, and a target vehicle 36 that is likely traveling in accordance with one of the
possible constraints would likely be traveling on either the host lane 38 or one of the possible
neighboring lanes 40. In step (524), the hypothesis that the target vehicle 36 is traveling on
either the host lane 38 or one of the possible neighboring lanes 40 is tested for each possible
lane. If the hypothesis is not satisfied for one of the possible lanes, then, in step (526), the
state of the target is assumed to be the unconstrained target state, which is then used for
subsequent predictive crash sensing analysis and control responsive thereto. Otherwise, from
step (524), in step (528), the target state is calculated by the target state fusion subsystem
50 as the fusion of the unconstrained target state with the associated state of the constraint
that was identified in step (524) as being most likely.

Prior to discussing the process of steps (514) through (524) for determining whether
the target is likely constrained by a constraint, and if so, what is the most likely constraint, the
process of fusing the unconstrained target state with state of a constraint will first be
described for the case of a target vehicle 36 moving in the same lane as the host vehicle 12.
The constraints are applied in the y-direction and are derived from road equations where y-

direction state variables are functions of x-direction state variables, consistent with the

-9-
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assumptions that the host vehicle 12 moves along the center line 41 of its lane 38 steadily
without in-lane wandering and that the road curvatures of all the parallel lanes 38, 40 are the
same, and given that the absolute coordinate system is fixed on the host vehicle 12 at the
current instant of time. Assuming the target vehicle 36 is moving in the same lane 38 as the
host vehicle 12, and using the road constraint equation with the estimated coefficients (or
parameters), in step (514), the constraint state variables are then given in terms of the lateral

kinematic variable as:

22+ 63" /6

y
§:| =3| = éfcfc +C( 232 (25)
K|k — A A A A A
Ve GO +CAR + R ED +6,6H 8 2
and
)"klk xrl (A ) +A L]k (A ) (26)
where
G2 +C, (&) /)2 0 0
Al = Cox' +C 33 C2' + 3?2 0 27)
C' + G EY + G 26 5+268% G+ 6@
and
@)*/2 (#)*/6
AZ=| 3 @h*-2/2 . (28)

()’21)2_*_)%1_/_-'\31 j\:l‘(%l)Z_l_(ﬁl)Z..%l/Z

In step (528), the two y-coordinate estimates, one from the main filter and the other

from the road constraint, are then fused as follows:

P [(P,tm RN (29)

9 =P}, [@y,klk)-lim +(®,,.)7" 5, J (30)

=Tk Tijx
7

Finally, the composed estimate of the target state is

Al

~ g ‘
£ = G1)

=i iy

i

and
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b [ P, F} 32)
Wk =y b :
K P«m Py, K
where
P, =P, (A}) (33)

In step (530), this composed estimate would then be output as the estimate of the
target state if the target vehicle 36 were to be determined from steps (514) through (524) to
be traveling in the host lane 38.

Returning to the process of steps (514) through (524) for determining whether the
target is likely constrained by a constraint, and if so, what is the most likely constraint;
according to the assumption that targets follow the same roadway 34, if the target vehicle 36
were known to travel in a particular lane, it would desirable to use estimated road parameters
for that lane as a constraint in the main filter of estimating target kinematics. However, the
knowledge of which lane the target vehicle 36 is current in is generally not available,
especially when the target is moving on a curved roadway 34. Since the road equation (8) is
only for the host lane 38 in the host-centered coordinate system, constrained filtering would
require knowing which lane the target is in, and different constraint equations would be
needed for different lanes. Ignoring the difference of road curvature parameters among these
parallel lanes, i.e. assuming the curvature of each lane to be the same, the road equation for

an arbitrary lane can be written as:

)>=1nB+éox—22+élx—63, m=0,+1,42, ... (34)
where B is the width of the lanes and m represents the lane to be described (m = 0
corresponds the host lane 38, m = 1 corresponds the right neighboring lane 40, m = -1
corresponds the left neighboring lane 40, and so on). Without the prior knowledge of the
target lane position, each of the multiple constraints forming a multiple constraint system
(analogous to the so-called multiple model system) is tested to determine which, if any, of the
constraints are active. A multiple constraint (MC) system is subjected to one of a finite
number N of constraints. Only one constraint can be in effect at any given time. Such
systems are referred to as hybrid -- they have both continuous (noise) state variables as well
as discrete number of constraints.

The following definitions and modeling assumptions are made to facilitate the
solution of this problem:

Constraint equations:

-11-
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Y, =f, &) (35)

where denotes the constraint at time #, in effect during the sampline period endin
L. g pling p g

at fy.

Constraint: among the possible N° constraints

5 Lk E{fj}Nc (36)

— j=1

3’ : state estimate at time f using constraint f ;"
%%

=y

P)-,’,W ,Pg,,m : covariance matrix at time # under constraint f ”
I " L

,u,{_ _,  probability that the target is following constraint j at time #;
Constraint jump process: is a Markov chain with known transition probabilities

10 P, =2t =1} p G7)

To implement the Markov model — for systems with more than one possible constraint
state -- it is assumed that at each scan time there is a probability p; that the target will make
the transition from constraint state 7 to state j. These probabilities are assumed to be known a
priori and can be expressed in the probability transition matrix as shown below.
15 New State
1 2 3

Hpyn pPn P
2| pyy Pyn P (38)
3| Py Pn P

Prior

trans

" State

The prior probability that f 7 is correct ( f 7 is in effect) is

P(£|2°)=m  j=L-N° (39)
20 where Z° is the prior information and

NE o

Dol =1 (40)

o

since the correct constraint is among the assumed N possible constraints.
The constrained target state estimation subsystem 46 provides for determining

whether the target state corresponds to a possible constrained state, and if so, then provides

25  for determining the most likely constrained state.
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A multiple constraint (MC) estimation algorithm mixes and updates N constraint-

e . . . . ~l
conditioned state estimates usimg the unconstrained state estimate yr as a measurement,
&k

along with the calculation of the likelihood function and probability associated with each
constraint. In one embodiment of the multiple constraint (MC) estimation algorithm, the
constrained state estimate output is a composite combination of all of the constraint-
conditioned state estimates. If this constrained state estimate is valid, i.e. if the constrained
state estimate corresponds to -- e.g. matches -- the unconstrained state estimate, then the
target state is given by fusing the constrained and unconstrained state estimates; otherwise the
target state is given by the unconstrained state estimate. This embodiment of the multiple
constraint (MC) estimation algorithm comprises the following steps:

1. Estimation of state variables from multiple constraints: In step (514), using the
multiple lane road equation (34) to replace the first row in equation (25), the multiple

constraint state estimates are given by:

/

~

CO"Q"I'-%I"'CA’]'(-QI)Z';P/Z (41)
G By + 6 28+ 68 () 6B 5 2

B +Cy- (2246, (2') [6

Ik

It
< =] <]
Il

e

N€ -1

where B; = 0, +B, ..., & B, and B is the width of a lane. Stated in another way, the

constraint state estimates corresponds to -- e.g. matches -- the y locations of the centerlines of
each possible lane in which the target vehicle 36 could be located.

The associated covariance is given by:
Pl =AL P, ((A)T+ALPL(AD' (42)

Yl

where A}; and A,f are given by equation (27) and equation (28), P, is from equation (24)

Tk

and P,ff . 1s from the curvature filter.

2. Constraint-conditioned updating: In step (516), the state estimates and

covariance conditioned on a constraint being in effect are updated, as well as the constraint

likelihood function, for each of the constraints j=1, ... NE. The updated state estimate and
k

2aj  _ alj HOj (_Oj 1 )»1 Al _AOJ'
th]k - y + P.Wklk P)’tk'k + Pytklk y y (43)

=y =W —h

. . v . . . Al
covariances corresponding to constraint j are obtained using measurement y, »as follows:
Lty
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P _Ppoi _poJ (—Oj 1 )1—0.1'

P.\”klk P.ka|k P}”k[k P)”k|k + Pytk]k P)”k]k ) (44)
P/ _Ppoi _Ppoj (_Oj 1 )1—01‘

Pxﬂklk - PXJ”k]k Py’k]k Pytk]k +P)”k|k nytk]k (45)

3. Likelihood calculation: In step (518), the likelihood function corresponding to

constraint j is evaluated at the value y' of the unconstrained target state estimate, assuming a
ek

5 Gaussian distribution of the measurement around the constraint-conditioned state estimate for
each of the constraints j=1, ... N, as follows:

A = N(yl ) ﬁo.i ’ Fﬁﬂk +P;tk]k) (46)

?
e =l

. . L . 20j .
wherein the Gaussian distribution N( ; , ) has a mean value of y "and an associated

e

. =qs¥1 1
covariance of P‘O,r" +P, .
Yk )’k|k

10 4. Constraint probability evaluations: In step (520), the updated constraint

probabilities are calculated for each of the constraints j=1, ... N€ , as follows:
itz 47
F l’k - a Ty a;
where a;, the probability after transition that constraint j is in effect, is given by
NC
a;=0,py b, (48)
i=1
15  and the normalizing constant is
NC
a=) Aa,. (49)
J=1

5. Overall state estimate and covariance: In step (522), the combination of the

latest constraint-conditioned state estimates and covariances is given by:

N€ .
Y, =242, (50)
N¢ . ; '
P, =2ul B, +(5, -5, }(5,-3,]) | 5D
NC
isxytk[k = ; ;Uri l—) ,»J;'rklk (52)
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The output of the estimator from step (522) in the above algorithm is then used as the
constrained estimates in the fusion process described by equations (29) and (30), and the
result of equation (52), instead of the result of equation (33), is used in equation (32).

When the target vehicle 36 is not following the roadway 34 or is changing lanes,
imposing the road constraint on target kinematic state variables will result in incorrect
estimates that would be worse than using the associated unconstrained estimates. However,
noise related estimation errors might cause a correct road constraint to appear invalid.
Accordingly, it is beneficial to incorporate a means that can keep the constraints in effect
when they are valid, e.g. when the target vehicle 36 follows a particular lane; and lift them
off promptly when they are invalid, e.g. when the target vehicle 36 departs from its lane.
The unconstrained target state estimate plays a useful role in road constraint validation, since
it provides independent target state estimates.

One approach is to test the hypothesis that the unconstrained target state estimate
satisfies the road constraint equation, or equivalently, that the constrained estimate and the
unconstrained estimate each correspond to the same target. The optimal test would require
using all available target state estimates in history through time # and is generally not
practical. A practical approach is the sequential hypothesis testing in which the test is carried
out based on the most recent state estimates only. In accordance with the notation used
hereinabove, the difference between the constrained and unconstrained target state estimates

(v direction only) is denoted:

5. =50 -3 (53)

Y )
k = e

as the estimate of

8, =y -3 (54)

2t

where yi is the true target state and ir is the true state of a target moving along the

roadway 34 (or a lane). In step (524), the “same target” hypothesis is tested, i.e.

Hy: 6, =0 (55)
Vs.

H: &, #0 (56)

The main filter error

~1

5 o=y -3 (57)

e =k by
is assumed independent of the error
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A

y, =3 -y ' (58)

—h = hy
which is from the constraints. The covariance of the difference QA ,, 18, under hypothesis Ho,
given by:

5 _ S S ~1 = 1=l =
Ptk —E(é;tkitk >_ E[&fk _th XX& —th):]

1
=P, +
Y Yk

(39)

Assuming that the estimation errors are Gaussian, the test of Hy vs. Hj is as follows:

Accept Hy it p, =&, (B8, <7 (60)

The threshold is chosen such that

Plp, >7 |H,)=a 61)
where o is a predefined error tolerance value. Note that based on the above Gaussian error

assumption, p, has a chi-square distribution with ny degrees of freedom. The choice of this

threshold is a significant design factor and should be based on'specific application need. In
road vehicle collision prediction, a target in the host lane 38 is regarded to be on a collision
course and is considered more dangerous than a target in one of the neighboring lanes 40.
Thus it is desirable to have a high threshold (a low error tolerance value) for a target in host
lane 38 since constrained filtering can provide accurate target state estimates while a
“changing lane” maneuver of such a target will not pose a threat to the host vehicle 12. On
the other hand, targets in neighboring lanes 40 are usually regarded as passing-by vehicles.
Though constrained filtering may further reduce false alarm rate, a “changing lane” maneuver
of such a target (into the host lane 38) would pose a real threat to the host vehicle 12. Thus it
is desirable to have a low threshold (a high error tolerance value) for a target in a neighboring
lane if false alarm rate is already low enough.

Based on the above analysis, the hypothesis testing scheme efficiently uses different
threshold values for targets in different lanes, with the multiple constraint filtering algorithm
providing the knowledge of which lane the target is most likely in currently. Assuming that

there are N© possible lanes on the roadway 34, and each lane is described by a constraint

equation, the constraint equation with the highest probability #’ for a target corresponds to
q q g p Yy K, g p

the lane that this target in most likely in at time # (the current time). Denoting this most likely

lane as [;, then
py = m?x{;zti Jj=Lrh (62)
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The difference between the unconstrained state estimates and lane I, constrained state

estimates (y direction only), denoted as:

al Al 2l
=y =y (63)

=y —hp
is the estimate of

s =y~ (64)

=h L —’/.

where y1 is the true target state and il’ is the true state of a target moving along lane I,.
X, p & g g

The test for the “same target” hypothesis is then given by:
Hy: ¢ i’k =0 (65)
Vs.

H: 65" =0 (66)

Tt

The constrained estimation error is given by:

=~/ — 2l
y, =y =y (67)

=f h Sy
Assuming that the estimation errors are independent and Gaussian, the test of Hy vs.

H{ becomes:

Accept Hy if plr =8, )Y(B2]'8) <y, (68)

—1I

where

Al , ~ =y fe~ =4 !
Py =E{(éi; -5, )2 -8} } E[QL -5 ). -5 )]

(69)
=P, " F)’,;klk
and the threshold is such that
Plol > 7, [Hy 1)= (70)
where
7, etr ), and o, elay) 1)

Such a lane adaptive hypothesis testing scheme provides for a prompt switch of the
target state estimation output to the unconstrained estimate when the target vehicle 36 leaves
its current lane, while the estimation accuracy of a target in host lane 38 is substantially
improved by constrained filtering.

In another embodiment of the multiple constraint (MC) estimation algorithm, the
constrained state estimate used for the hypothesis testing is the most likely of the separate

-17-



10

15

20

25

30

WO 2005/062984 PCT/US2004/043695

constrained target state estimates (i.e. in accordance with a “winner take all” strategy), rather
than a composite combination of all of the constrained target state estimates. If this most
likely constrained state estimate is valid, i.e. if the most likely constrained state estimate
corresponds to -- e.g. matches -- the unconstrained state estimate, then the target state is given
by fusing the most likely constrained state estimate and the unconstrained state estimate;
otherwise the target state is given by the unconstrained state estimate.

In yet another embodiment of the multiple constraint (MC) estimation algorithm,
hypothesis tests are made for each of the constrained state estimates. If none of the
hypotheses are accepted, then the target state is given by the unconstrained state estimate. If
one of the hypotheses is accepted, then the target state is given by fusing the corresponding
constrained state estimate and the unconstrained state estimate. If more than one hypotheses
are accepted, then the most likely constrained state may be identified by voting results from a
plurality of approaches, or by repeating the hypothesis tests with different associated
thresholds.

Generally, the number of constraints (i.e. the number of roadway lanes) can vary with
respect to time, as can associated parameters therewith, for example, the width of the lanes of
the roadway, so as to accommodate changes in the environment of the host vehicle 12. For
example, the host vehicle 12 in one trip could travel on a one-lane road, a two-lane road with
opposing traffic, a three-lane road with a center turn lane, a four line road two lanes of
opposing traffic, or on a multi-lane divided freeway.

Road vehicle tracking simulations using constrained and unconstrained filtering were
carried out for four scenarios. In all scenarios, the host vehicle 12 was moving at 15.5 m/s
and a target vehicle 36 is approaching on the same roadway 34 at a speed of 15.5 m/s. The
initial position of the target was 125 meters away from the host in the x direction, and the
lane width for all lanes was assumed to be 3.6 meters. The measurement variance of the
vehicle speed sensor was 0.02 m/s and the variance of the gyroscope yaw rate measurement
was 0.0063 rad/s. The variances of radar range, range rate and azimuth angle measurements
were 0.5 m, 1 m/s, and 1.5° respectively. Simulation results were then generated from 100
Monte-Carlo runs of the associated tracking filters.

In the first scenario, the host vehicle 12 and the target vehicle 36 were moving on a
straight roadway 34 (Co = 0 and C; = 0) and the target vehicle 36 was moving toward the
host vehicle 12 in the same lane. Figs. 8a-d illustrate the target state estimation and road

curvature estimation results of the unconstrained and constrained filtering schemes, and Fig.
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9a-b illustrate the average target vehicle 36 lateral position, velocity and acceleration RMS
errors of the unconstrained and constrained filtering schemes. The estimation errors from
constrained filtering were substantially reduced. Before 48 radar scans, when the target
vehicle 36 was farther than 65 meters away from the host vehicle 12, constrained filtering
resulted in a more than 40 percent reduction of error in target lateral velocity estimation, and
a more than 60 percent reduction of error in lateral acceleration estimation. When the target
vehicle 36 was less than 65 meters away from the host vehiele 12, which is a more relevant
condition for collision prediction, more than 50 percent of lateral position estimation error,
and more than 90 percent of lateral velocity and acceleration estimation errors, were reduced
by constrained filtering.

In the second scenario, the host vehicle 12 and the target vehicle 36 were moving on
a curved roadway 34 (Cy = -10° and C; = -3x10°) and the target vehicle 36 was moving
toward the host vehicle 12 in the same lane. Figs. 10a-d illustrate the target state estimation
and curvature estimation results of the unconstrained and constrained filtering schemes, and
Figs. 11a-b illustrate the average target vehicle 36 lateral position, velocity and acceleration
RMS errors of the unconstrained and constrained filtering schemes. The estimation errors
from constrained filtering were substantially reduced after about 48 radar scans, when the
target vehicle 36 was less than 65 meters away from the host vehicle 12. Estimation errors
were the same for constrained and unconstrained filtering before 20 radar scans, when the
target vehicle 36 was about 100 meters away from the host vehicle 12. For the target
vehicle 36 located between 100 and 65 meters away from the host vehicle 12, constrained
filtering resulted in about a 30 percent reduction in errors of lateral velocity and acceleration
estimation, and when the target vehicle 36 was less than 65 meters away from the host
vehicle 12, more than 50 percent of lateral position estimation error and more than 90 percent
of lateral velocity and acceleration estimation errors were reduced by constrained filtering.
The lack of improvement for constrained filtering when the target vehicle 36 was far away
resulted from estimation errors of road curvature parameters, which caused constraint errors
proportional to the distance between host vehicle 12 and the target vehicle 36. This is more
evident in the curved roadway 34 case, where curvature estimation error was larger and
caused more lane position ambiguity of a distant target vehicle 36.

In the third scenario, the host vehicle 12 and the target vehicle 36 were moving on a
straight roadway 34 (Co = 0 and C; = 0) and the target vehicle 36 was initially approaching
in the left neighboring lane. At ¢ = 2.2 second (55 radar scans), the target vehicle 36 began to

-19-



15

20

25

30

WO 2005/062984 PCT/US2004/043695

diverge from its lane and turns toward the host lane 38, which resulted in a collision at 7 = 4
seconds (100 radar scans). Figs. 12a-d illustrate the target state estimation results and the
lateral position and velocity RMS errors of the unconstrained and constrained filtering
schemes. The error tolerance levels for constraint validity hypothesis testing (equation (70))
were chosen as o~ 1 for the host lane 38 and « = 0.5 for all neighboring lanes 40. Whereas
constrained filtering without validation produces substantially lower estimation errors before
the target vehicle 36 turns away, the associated target state estimation result was incorrect
and its RMS errors were much larger than that of unconstrained filtering after the target
vehicle 36 began to turn away from its lane (the left neighboring lane), implying that the road
constraints, which become invalid after the target vehicle 36 began to diverge from its lane,
were not promptly lifted off. On the other hand, the performance of constrained filtering with
validation was substantially close to that of unconstrained filtering, producing slightly lower
estimation errors before the target vehicle 36 turns away, and exhibiting target state
estimation results and RMS errors that were the same as unconstrained filtering after the
target vehicle 36 began to turn away from its lane, implying that road constraints were
promptly lifted off after the target vehicle 36 began to diverge from its lane.

The fourth scenario was similar to the third scenario, the only difference being that
the vehicles were on a curved roadway 34 (Cy = -10”° and C; = -3x 10”) instead of a straight
one. The target vehicle 36 began to diverge at f = 2.2 s and results in a collision at # = 4 s.
Figs. 13a-d illustrate the target state estimation results and the lateral position and velocity
RMS errors of the unconstrained and constrained filtering schemes. The error tolerance levels
were the same as in the third scenario, and the results and observations were also similar to
that of the third scenario. Road constraints were promptly lifted off by the proposed
constraint validation after the target vehicle 36 began to diverge from its lane. In general,
the overall improvement by constrained filtering in estimation accuracy of target vehicle 36
lateral kinematics was substantial, given the fact that estimation accuracy of target vehicle
36 lateral kinematics was often limited by poor radar angular resolution.

Accordingly, simulation results of road vehicle tracking on both straight and curved
roadways 34 show that the predictive collision sensing system 10 could substantially
reduce the estimation errors in target vehicle 36 lateral kinematics when the target vehicles
36 were in the host lane 38. When a target vehicle 36 maneuvers from a neighboring lane
into the host lane 38, the predictive collision sensing system 10 promptly detects this

maneuver and lifts off the road constraint to avoid an otherwise incorrect constrained result.
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In view of the fact that poor radar angular resolution often results in poor lateral kinematics
estimation, the predictive collision sensing system 10 has provided for a substantial
improvement in estimation accuracy of target vehicle 36 lateral kinematics, which is
beneficial for an early and reliable road vehicle collision prediction.

Referring to Fig. 14, in accordance with another embodiment, the predictive collision
sensing system 10 further comprises a steer angle sensor 58 which provides a measure
indicative of or responsive to the steer angle & of one or more steered wheels 60. For
example, referring to Fig. 15, the steer angle 5 of a particular steered wheel 60, e. g. one of
the front wheels, is the angle between the longitudinal axis 62 of the vehicle 12 and the
heading direction 64 of the steered wheel 60, wherein the heading direction 64 is the
direction in which the steered wheel 60 rolls. Under cornering conditions, responsive to the
steered wheel 60 being steered by a steer angle §, the steered wheel 60 experiences a lateral
slip as it rolls, which causes the resulting travel direction 66 to differ from the heading

direction 64 by an associated slip angle . The action between the associated tire and the
road generates a laterally directed cornering force Fy responsive -- e.g. proportional -- to the
slip angle o, which causes the vehicle 12 to turn, and which can be modeled as:

F =C,-a ) (72)
wherein the associated proportionality constant, C,, -- also known as cornering stiffness -- is
defined as the slope of cornering force Fy with respect to slip angle o at o=0.

Generally, for a vehicle 12 with two laterally displaced steered wheels 60, the
associated steer angles & of different steered wheels 60 — i.e. inside and outside relative to a
turn -- will be different. However, referring to Fig. 16a, for a vehicle 12 traveling at
relatively higher longitudinal speed U, the turn radius R is substantially larger than the
wheelbase L of the vehicle 12, in which case the associated slip angles o of the different
steered wheels 60 are relatively small so that the difference therebetween for the inside and
outside steered wheels 60 can be assumed to be negligible. Accordingly, for purposes of
describing cornering behavior, the vehicle 12 can be represented by what is known as a
bicycle model 68 with a front 63 and rear 65 wheel, each corresponding to a composite of
the associated front or rear wheels of the vehicle 12, wherein different steered wheels 60 at
the front or rear of the vehicle are modeled as a single steered wheel 60 that is steered at an

associated steer angle 5. Each wheel of the bicycle model 68 — front 63 and rear 65 -- is
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assumed to generate the same lateral force responsive to an associated slip angle o as would
all (e.g. both) corresponding wheels of the actual vehicle 12.

For a vehicle 12 at a longitudinal speed U following a curved path having a turn
radius R, the sum of the lateral forces, i.e. cornering forces Fy, is equal to the product of the

mass M of the vehicle 12 times the resulting centripetal acceleration, as follows:

2. F,=F,+F, =M-U’[R (73)

where Fyg and Fy, are the lateral forces at the front 63 and rear 65 wheels respectively.

Assuming that the yaw rotational acceleration of the vehicle 12 about the center of gravity
CG is negligible, the sum of the moments caused by the front and rear lateral forces is equal

to zero, with the result that

F,=F,-c/b : (74)
where b and c are the distances from the center of gravity CG to the front 63 and rear 65
wheels respectively.

The lateral force Fy, at the rear wheel 65 is then given as follows by substituting
equation (74) into equation (73):

W 2

2/py = W U”
F, =(M-b/L)-(U*/R) = TR (75)

o

where b and c are the distances from the center of gravity CG to the front 63 and rear 65

wheels respectively, and W, is the weight of the vehicle 12 carried by the rear wheel 65.
Accordingly, the lateral force Fy, at the rear wheel 65 is given by the product of the portion

of vehicle mass (W,/g) carried by the rear wheel 65 times the lateral acceleration at the rear

wheel 65.
Similarly, the lateral force Fyg at the front wheel 63 is given by the product of the

portion of vehicle mass (W¢/g) carried by the front wheel 63 times the lateral acceleration at

the front wheel 63 as follows:

F, =

2Ry = e U~
(M -¢/L)-(U*/R) = " (76)

where We is the weight of the vehicle 12 carried by the front wheel 63.

Given the lateral forces Fyg, Fy, at the front 63 and rear 65 wheels respectively, the

associated slip angles oy, o are given from equations (72), (75) and (76) as follows:
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o, =W, U*/(C,;-gR) ‘ (77)
and
a, =W,-U*/(C, -g-R) (78)
From the geometry illustrated in Fig. 16b, the steer angle § is given by:
5 §=L/R+a,-a, (79)

Substituting for o and o in equation (79) from equations (77) and (78) gives:

R e o
which can also be expressed as:

5=L/R+K-ay )
10 where

& = Steer angle at the front wheels (rad)

L = Wheelbase (m)

R = Turn Radius (m)

U = Longitudinal speed (m/sec)
15 g = Gravitational acceleration constant = 9.81 m/sec’

W = Load on the front axle (kg)

W = Load on the rear axle (kg)

Cos = Cornering stiffness of the front tires (kgy/rad)

Car = Cornering stiffness of the rear tires (kgy/rad)
20 K = understeer gradient (rad/g)

ay = lateral acceleration (g)

Equations (80) and (81) describe the relationship between steer angle & and lateral
acceleration a, = Uzl(gR). The factor K = [W¢Cy - W,/Cor] — which provides the
sensitivity of steer angle 5 to lateral acceleration ay, and which is also referred to as an”

25  understeer gradient -- consists of two terms, each of which is the ratio of the load on the
wheel Wg, W, (front or rear) to the corresponding cornering stiffness Cyp, Cor of the
associated tires. Depending upon the value of the understeer gradient K, the cornering
behavior of the vehicle 12 is classified as either neutral steer, understeer or oversteer,
depending upon whether K is equal to zero, greater than zero, or less than zero, respectively.

30 For a vehicle 12 exhibiting neutral steer,

Wf/C‘,,gc =W./C, —>K=0->a,=q, (82a)
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so that, for a constant-radius turn, there would be no change in steer angle & as the
longitudinal speed U is varied.
For a vehicle 12 exhibiting understeer,

W,[Cyu>W,/[/C, >K>0—0a,>a, (82b)

so that, for a constant-radius turn, the steer angle 6 would need to increase with increasing
longitudinal speed U in proportion to the product of the understeer gradient K times the
lateral acceleration ay.

For a vehicle 12 exhibiting oversteer,

W, /C, <W,/C, > K<0—a,<a, (82c)

so that, for a constant-radius turn, the steer angle & would need to decrease with increasing
longitudinal speed U in proportion to the product of the understeer gradient K times the
lateral acceleration ay.

A vehicle 12 steered with a steer angle & develops a yaw rate o that is related to the

longitudinal speed U and turn radius R by:
7] =% (rad/sec) (83)

Solving for the turn radius R from equation (79) and substituting in equation (83)
gives the following relationship between yaw rate o and steer angle o:

v

w=—=~L _.5 (84)
KU

1+

L-g
which can be used to find the relationship between the associated error variances, e.g.
assuming that the vehicle 12 exhibits neutral steer behavior. For example, in neutral steer

case, K = 0, so that equation (84) becomes:

U
w=—-0 85
T (85)

The error variance of ® is given by:

Uus U6 1

0% = El(@—8)"] = El( =)= - EU*6") 075" (86)

Assuming that the longitudinal speed U and steer angle 6 are independent, then

2__1 2 2y 772, §2 _i 52 2y, 82 2 52 82
%_F[E(U )-E(6*)-U*8 :|—L2[(U +03)(8% +03)-U*- 8]
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~ ~ 1 ~ A
=—LI?[U2<7§+520-3+o§a§]=F(U2+o-3)a§+%5zaf, (87)
From equation (85) for a neutral steer condition
S o 5* o
T M ey (88)

which when substituted into equation (87) gives:

N2
2

0]
O, 89
U2 U ( )

ﬁ=%4m+¢y¢+

where oy and o are the error variances of longitudinal speed U and steer angle 5.
For a constant turn radius R, from equation (2), C = Cy, and from equations (13) and
(88) for a neutral steer condition,

_o_ 6

Co=—= 90
TUTL 90)

from which the relation between curvature error variance o, and steer angle error variance

2 . . b .
018 given by:

2 _
Oco =

2 (o on

The steer angle sensor 58 can be implemented in various ways, including, but not
limited to, an angular position sensor -- e.g. shaft encoder, rotary potentiometer or rotary
transformer/syncro — adapted to measure the rotation of the steering wheel shaft or input to a
steering box, e.g. a pinion of a rack-and-pinion steering box; or a linear position sensor
adapted to measure the position of the rack of the rack-and-pinion steering box. The steer
angle sensor 58 could be shared with another vehicle control system, e.g. a road following or
suspension control system. The steer angle sensor 58 can be used to supplement a yaw rate
sensor 16, and can beneficially provide independent information about vehicle maneuvers.
Furthermore, the steer angle 6 measurement error is substantially independent of
longitudinal speed U, in comparison with a gyroscopic yaw rate sensor 16 for which the
associated yaw rate o measurement error is related to vehicle speed, notwithstanding that a
gyroscopic yaw rate sensor 16 is generally more accurate and more sensitive to vehicle
maneuvers than a steer angle sensor 58 when each is used to generate a measure of yaw
angle.

The curvature error variance associated with steer angle & measurements can be

compared with that associated with yaw rate @ measurements in order to identify conditions
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under which one measurement is more accurate than the other. The error variance of yaw
rate ® measured with a gyroscopic yaw rate sensor 16 is given as follows:

o =E|(®,~b,~0+b)|=E[(® —~o)(b, ~b)] (92)

m I

~a)* +(b, —b)* +2w

mn n

ol =E[(@,~ @) |+ E[ (b, D) |+ 2E[(@, - @), )] (93)

(94)
where o is the true yaw rate, ®  is the yaw rate measurement, b is the gyro bias with drift,

and by, is the mean gyro bias.
The curvature error variance O"Zo of the yaw rate o is given by equation (97),
described hereinbelow. By equating equations (91) and (97), and substituting for o> from

equation (94), the curvature error variance associated with the steer angle § measurement is

equal to the curvature error variance associated with the yaw rate o measurement when:

U= L-o, _ L—\/(O':Jm +o‘,)2)

Os Os

95)

Equation (95) defines a switching curve — e.g. as illustrated in Fig. 17, for which

o2 =1.68x107, by = 2.5926, and L = 3.2 meters - that can be used in one embodiment to

determine whether to use steer angle 6 or yaw rate o when determining road curvature
parameters. For example, referring to Fig. 18, in step (502) the longitudinal speed U of the
vehicle 12 is read from the speed sensor 18. Then, in step (1802), if the longitudinal speed

U is greater than a speed threshold UT, then the road curvature parameters are determined
using yaw rate o, wherein the speed threshold Ut parameter is given by equation (95) and
illustrated in Fig. 17 as a function of the error variance o of the steer angle § measurement,

the latter of which is assumed to be constant for a given steer angle sensor 58. More
particularly, from step (1802), the yaw rate o of the vehicle 12 is read from the yaw rate
sensor 16, and then in step (506), the road curvature parameters Cy and C; are estimated
from (U, o) as described hereinabove. Otherwise, from step (1802), if the longitudinal
speed U of the vehicle 12 is less than the speed threshold UT, then in step (1804) the steer
angle § is read from the steer angle sensor 58, and then in step (1806), the road curvature
parameters Cy and Cy are estimated from (U, 8), wherein the yaw rate ® measurement input
to the first Kalman filter 52 (host state filter) can be determined from the steer angle & and

longitudinal speed U using equation (84). If the longitudinal speed U is equal to the speed
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threshold UT, then the estimates of the road curvature parameters Cy and C; from steps
(506) and (1806) would have the same error variance, and either estimate could be used.

The error variances and covariance of the road curvature parameters Cy and C;
used by the associated second Kalman filter 54, i.e. the curvature filter, of the road
curvature estimation subsystem 42 generally depend upon the quantity 1/U, where U is the
longitudinal speed U of the vehicle 12. If U is a Gaussian random variable, analytic
solutions for the exact mean and variance of 1/U are not presently known. Instead, U can be

assumed to be a non-random variable because the variance o, of U is substantially smaller

than U in substantially most cases. Accordingly, the various variance and covariance

components of the road curvature parameters Cy and C; can be derived as follows:

A ~
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=E{[2 -3 (P} =E(@* ——2- 0 - (=) + & - (— 96
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Referring to Fig. 19, the road curvature estimation subsystem 42 can be embodied
in a variety of ways. Generally, the road curvature estimation subsystem 42 comprises a
host state filter 52.1 and a curvature filter 54.1, wherein the host state filter 52.1 processes

measures responsive to vehicle speed and vehicle yaw to determine the corresponding host

state [w, @, U, U] of the host vehicle 12. For example, a speed sensor 18 provides the

longitudinal speed U ]}CI of the vehicle 12 as the measure of vehicle speed, and either a yaw

rate sensor 16 or a steer angle sensor 58, or both, provide either the yaw rate a),f or the

steer angle &, respectively, or both, as the measure of vehicle yaw, wherein samples k of the

measurements are provided by a sampled data system at corresponding sampling times. In

one embodiment, e.g. illustrated also in Fig. 4, the measure of vehicle yaw is given by the

yaw rate a),f from the yaw rate sensor 16, wherein the yaw rate a),f and the longitudinal

lcl are input directly to the first Kalman filter 52 of the host state filter 52.1. In

speed U i

another embodiment, the measure of vehicle yaw is given by either the yaw rate @, from the

yaw rate sensor 16 or the steer angle &, from the steer angle sensor 58, depending upon

the magnitude of the longitudinal speed U i ' in accordance with the process illustrated in

k
Fig. 18 and described hereinabove. If the longitudinal speed U of the vehicle 12 is less than

the speed threshold UT, then a yaw rate processor 68 — e.g. embodied in the signal
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processor 26 — calculates the yaw rate @] from the steer angle ), e.g. using equation (85)

and the longitudinal speed U]f

Otherwise, if the longitudinal speed U of the vehicle 12 is greater than or equal to the speed

measurement, for input to the first Kalman filter 52.

threshold UT, the yaw rate o, from the yaw rate sensor 16 is input to the first Kalman
filter 52. In yet another embodiment, the steer angle sensor 58 and yaw rate processor 68
are used without benefit of the yaw rate sensor 16. In yet another embodiment, the steer
angle 5, from the steer angle sensor 58 is input directly to the first Kalman filter 52. In

yet another embodiment, if the longitudinal speed U of the vehicle 12 is less than the speed

threshold UT, then the steer angle 5, from the steer angle sensor 58 is input directly to the

first Kalman filter 52 that is adapted to use steer angle 5, as the associated state variable.,

and if the longitudinal speed U of the vehicle 12 is greater than or equal to the speed

threshold UT, then the yaw rate @, from the yaw rate sensor 16 is input to the first

Kalman filter 52 that is adapted to use yaw rate @, as the associated state variable.

Generally, the associated state and variance output of the host state filter 52.1 is
processed by a curvature estimator 70 so as to provide estimates of the road curvature
parameters Co and C; and the error covariance associated therewith. Generally, the
curvature estimator 70 comprises a first curvature processor 72 which transforms the

associated state and covariance output of the host state filter 52.1 to either road curvature

parameters Cy and Cj, or another related form -- comprising a measurement vector Z C and

an associated covariance matrix R thereof — that is either used directly as the output of the

road curvature estimation subsystem 42, or is input to a second Kalman filter 54 of the
curvature filter 54.1, the output of which is either used as the output of the road curvature
estimation subsystem 42, or which is transformed to road curvature parameters Co and Cy
and the associated covariance thereof using a second curvature processor 74. For example,
the first 72 and second 74 curvature processors and the host state filter 52.1 of the
curvature estimator 70 can be embodied in the signal processor 26.

In accordance with a first embodiment, the curvature estimator 70 comprises the
first curvature processor 72 and the second Kalman filter 54, wherein the first curvature

processor 72 calculates the road curvature parameters Cy and C; from the host state [w,

@, U, U ]T for input as a measurement vector ch to the second Kalman filter 54, e.g. in
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accordance with equation (21). Similarly, the first curvature processor 72 calculates the

associated covariance R{ of the measurement vector from the covariance Iiik of the host

state vector, e.g. in accordance with equations (21) and (22). The associated second Kalman
filter 54 is illustrated in Fig. 20, wherein the associated vectors and matrices referenced in

the Appendix are given by:

C i O'2 0'2
Z,f — |:C0m:| RS - 2C() C(;C1:| (113)
: m g | %cc %q
A 3 3 i 2/
B =|l UL o,-| GBI UL, (114)
0 1 \U,T) /2 U,

wherein g = 6x1077, Ty is the sampling time interval, and the variance and covariance

elements of the associated R matrix are given by equations (97), (102) and (109). The output
of the road curvature estimation subsystem 42 is then given by the output of the second
Kalman filter 54. The first embodiment of the curvature estimator 70 is also illustrated in
Fig. 4, wherein the action of the first curvature processor 72 is implicit in the
interconnection between the first 52 and second 54 Kalman filters thereof.

A second embodiment of the curvature estimator 70 is a modification of the first
embodiment, wherein the second Kalman filter 54 is adapted to incorporate a sliding
window in the associated filtering process. The length of the sliding window is adapted so as
to avoid excessive delay caused by window processing, and for example, in one embodiment,
comprises about 5 samples. The associated vectors and matrices -- referenced in the

Appendix -- of the associated second Kalman filter 54 are given by:

1 dL mean(cl (k—L:k)) mean(c? . (k—L:k))
F, { } RS { G GG }/L (115)

0 1 mean(og . (k—L:k)) mean(og (k—L:k))
c_ mean(C,, (k—L: k)) - (dL)z /3 (dL)?*/2 ‘q (116)
mean(C,,(k—-L:k)) | (dL)*/2  dL

k
where L is the sliding window length, dL =mean(U(k—L:k))x ZT, ,and g=2x107",

i=k~-L
The variances and covariance of the associated R matrix are given by equations (97), (102)
and (109).
A third embodiment of the curvature estimator 70 is a modification of the second

embodiment, wherein the length L of the sliding window is adaptive. For example, the
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window length can be adapted to be responsive to the road curvature parameters Cy and

C,, for example, in accordance with the following rule:
L= mjn{max{zs- ﬂoor[(léo_k_l’+33lé’1_k_1’)x104],1} L, +1} (117)

This rule provides for a larger window length L — e.g. as large as 25 samples -- when both C,
and C; are relatively small, for example, corresponding to a straight section of road. The
window length L becomes smaller — e.g. as small as 1 sample -- when either Cy or Cy is large,
corresponding to a turn or transition of road. Furthermore, the window length L can be
sharply reduced to account for a sudden vehicle maneuver, with a limitation on the
subsequent increase in window length L to one sample per step so that the previous samples
so not adversely affect the output from the curvature estimator 70 when maneuver ends. As
the window length L is changed, the associated F, Q, and R matrices in the second Kalman
filter 54 are also changed.

In accordance with a fourth embodiment, the curvature estimator 70 comprises the
first curvature processor 72, the second Kalman filter 54, and the second curvature

processor 74, wherein the first curvature processor 72 calculates the road curvature
parameter Cy and C from the host state [w, &, U, UJ" for input as a measurement vector
Z, to the second Kalman filter 54, and the second curvature processor 74 transforms the
output of the second Kalman filter 54 to Cy and C; =C/ U as the curvature estimates of the

curvature estimator 70. The associated second Kalman filter 54 is illustrated in Fig. 21,

wherein the associated vectors and matrices referenced in the Appendix are given by:

C Oog Ol
Zo. =] om R, = Goc 118
=L Ck [ Cm :L Ck [ O_Z‘()é O'é ( )
1 T, 23 T?2/2
F, = k =k k1% 119
A ,:0 1 :l QL {T,f/z Tk q ( )

wherein g =0.01, Ty is the sampling time interval, and the variance and covariance elements
of the associated R matrix are given by equations (97), (106) and (112).

A fifth embodiment of the curvature estimator 70 is a modification of the fourth
embodiment, wherein the second Kalman filter 54 is adapted to incorporate a sliding
window in the associated filtering process. The length of the sliding window is adapted so as

to avoid excessive delay caused by window processing, and for example, in one embodiment,
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comprises about 5 samples. The associated vectors and matrices -- referenced in the
Appendix -- of the associated second Kalman filter 54 are given by:

/ ok ~L:k n(op . (k—L:k
E, :{1 dL} R, =l:mean(aco( k) mean(o ¢ . ( )):l /L (120)

0 1 mena(agoc (k—=L:k)) mea.n(cré (k—L:k))

mean(CO _(k—L:k))

m

3 2
~ (dLy’/3  (dL) /2}>< 121

Za “I: mean(C, (k—L: k) Jk Q, = I:(dL)Z/Z dL

k
wherein L is the sliding window length, dL = ZT,. ,and ¢=4x10"". The variances and

i=k~L
covariance of the associated R matrix are given by equations (97), (106) and (112).

A sixth embodiment of the curvature estimator 70 is a modification of the fifth
embodiment, wherein the length L of the sliding window is adaptive. For example, the
window length can be adapted to be responsive to the road curvature parameters Cp and
Cy, for example, in accordance with the following rule of equation (117). This rule provides
for a larger window length L — e.g. as large as 25 samples -- when both C, and C; are
relatively small, for example, corresponding to a straight section of road. The window length
L becomes smaller —e.g. as small as 1 sample -- when either Cy or C; is large, corresponding
to a turn or transaction of road. Furthermore, the window length L can be sharply reduced to
account for a sudden vehicle maneuver, with a limitation on the subsequent increase in
window length L to one sample per step so that the previous samples so not adversely affect
the output from the curvature estimator 70 when maneuver ends. As the window length L
is changed, the associated F, Q, and R matrices in the second Kalman filter 54 are also
changed.

In accordance with a seventh embodiment, the curvature estimator 70 comprises the
first curvature processor 72, which calculates the road curvature parameters Cy and C;
from the host state [w, &, U, U ]T as the output of the road curvature estimatioh
subsystem 42 ~ without using a second Kalman filter 54.

In accordance with an eighth embodimegt, the curvature estimator 70 comprises the
first curvature processor 72, which determines the road curvature parameters Cy and C;
of the clothoid model by a curve fit of a trajectory of the host state [@, &, U, U ] from the
host state filter 52.1. The position, velocity and acceleration components of the host vehicle

12 are calculated as follows:

0, =0+, T+a,, T*/2 (122)
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x, =%, +cosb (U, -T+U,  -T*[2) (123)
Y = Ve 806, - (U, -T+U,_-T*/[2) (124)
x, =U, -cosb, (125)
%, =U,-cosf, +U, o, -sin 6, (126)
v, =U, sing, (127)
jik=Uk~sim9k+Uk-a)k-cos9k (128)
Then from the clothoid model and equation (8):
x; X,
Ve =) G+ ()G (129)
2 6
Y =(xk-xk)-C0+(x,f-—2i)-C1 (130)
= G 5) Gt (8 475 (131)

After finding x;, y. and their derivatives using equations (122) through (128),
equations (129) through (131) are used with curve fitting to solve for the road curvature
parameters Cy and C;, wherein a window of sampled data points -- e.g. in one embodiment,
about 12 sample points -- is used to improve the smoothness of the associated curve used for
curve fitting.

A ninth embodiment of the curvature estimator 70 is a modification of the eighth
embodiment, wherein the length L of the sliding window is adaptive. For example, the
window length can be adapted to be responsive to the road curvature parameters Cy and
C,, for example, in accordance with the following rule:

L, = min{max{25 - floor|(|CO,, (b)|+ 331, (k) x 7000] 2}, ,,_,+1} (132)

This rule provides for a larger window length L —e.g. as large as 25 samples -- when both C,
and Cy are relatively small, for example, corresponding to a straight section of road. The
window length L becomes smaller — e.g. as small as 2 samples - when either Cp or Cy is
large, corresponding to a turn or transition of road. Furthermore, the window length L can be
sharply reduced to account for a sudden vehicle maneuver, with limitation on the subsequent
increase in window length L to one sample per step so that the previous samples so not
adversely affect the output from the curvature estimator 70 when maneuver ends.

The above-described first through ninth embodiments of the road curvature

estimation subsystem 42 are based upon the clothoid model of road curvature, wherein the
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road curvature C is characterized as varying linearly with respect to path length along the
road, and wherein different types of roads (e.g. straight, circular or generally curved) are
represented by different values of the clothoid road curvature parameters Cy and C;. The
clothoid model reduces to a simpler form for straight (Cp = C; = 0) and circular (C; = 0)
road segments. Different embodiments of the road curvature estimation subsystem 42 can
be used under different conditions. For example, in one embodiment of the predictive
collision sensing system 10 in which the sampling rate of the yaw rate sensor 16 is
relatively low, the seventh embodiment of the curvature estimator 70 is used when the
longitudinal speed U of the host vehicle 12 is greater than a threshold, e.g. about 11
meters/second, and the ninth embodiment of the curvature estimator 70 is used at greater
velocities. The ratio of the mean prediction error to the mean prediction distance can be used
to compare and evaluate the various embodiments of the curvature estimator 70.

Generally, high-speed roads can be modeled as a collection of different types of
interconnected road segments, each of which is represented by a different road model. For
example, Fig. 22 illustrates a straight first road segment 76 having a linear path --
represented by C =0, -- connected to a curved second road segment 78 having a cubic path-
- represented by the clothoid model C = Cy + Cyx, -- connected to a third road segment 80
having a quadratic path -- represented by C = C,,.

Referring to Fig. 23, in accordance with a tenth embodiment of the road curvature
estimation subsystem 42, different types of roads are represented with different models,
rather than using a single all-inclusive clothoid model, thereby providing for improved
estimation accuracy for road segments that are characterized by models with fewer degrees of
freedom resulting from constraints on one or more coefficients of the clothoid model, because
of the fewer degrees of freedom. For example, for a straight road segment 76, the clothoid
model reduces to C =0 -> Cy = C; = 0 corresponding to a path equation of y = 0; and for a

quadratic road segment 80, the clothoid model reduces to C = Cy corresponding to a path
equation of y =—;—C0x2. Accordingly, the roadway is represented by a multiple model

system 82, wherein a particular road segment is characterized by one of a finite number » of
models. For example, in Fig. 23, the multiple model system 82 incorporates r = 3 models,
each of which is embodied in a separate corresponding curvature estimator 70.1, 70.2 and
70.3 respectively. Each curvature estimator 70.1, 70.2, 70.3 is generally structured as
illustrated in Fig. 19, and is adapted to process the output of the host state filter 52.1.
Although Fig. 23 illustrates a common host state filter 52.1 for all of the curvature
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estimators 70.1, 70.2, 70.3, different curvature estimators 70.1, 70.2, 70.3 could utilize
different corresponding embodiments of the host state filter 52.1 — e.g. one embodiment of
the host state filter 52.1 using only a yaw rate sensor 16, another embodiment using a yaw
rate sensor 16 and a steer angle sensor 58. For example, the first curvature estimator
70.1 embodies a straight road model, the second curvature estimator 70.2 embodies a
circular arc or quadratic road model and the third curvature estimator 70.3 embodies a
clothoid road model suitable for a general high-speed road.

More particularly, the straight road model is characterized by:

C=0=>(Cy=0and C;=0) (133)
00 0 0
F, = , = 134
SRR -
The circular arc or quadratic road model is characterized by:
C=Co=>(C1=0) (135)
1 0 O.T) /3 0
F, = = 136
k |:O O} Q. |: 0 0 xq (136)

where T} is sampling period, U . 18 estimated host speed, and g = 0.0005.

The clothoid road model is characterized by:

C=C,+C,-I (137)
3 3 3 5 2

F -l Udi] q,- ([{"Tk)z/3 Ul 2 xq (138)
0 1 0. 1) 2 U1,

where T} is sampling period, U . 1s estimated host speed, and g = 0.0025.

The multiple model system 82 has both continuous (noise) uncertainties as well as
discrete (“model” or “mode”) uncertainties, and is thereby referred to as a hybrid system.
The multiple model system 82 is assumed to be characterized by a base state model, a modal
state, and a mode jump process.

The base state model is assumed to be characterized as follows:

x(k) = FIMK)Ix(k-1) + v[k - 1, M(k)] (139)

z(k) = HIM(k)]x(k) + w[k, M(k)] (140)
where M(k) denotes the mode at time k in effect during the sampling period ending at k.

The modal state, or mode, is assumed to be one of r possible modes:

M)e (M) s (141)
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wherein the structure of the system and/or the statistics of the associated noise components
can be different for different modes, as follows:

FIMj] = F; (142)

v(k-1, Mj) ~ Nw;, O)) (143)

The mode jump process governs the transition from one mode to another is assumed
to be characterized by a Markov chain with known transition probabilities, as follows:

P{M(k) = M;| M~ 1) = M3} = py (144)

The curvature estimators 70.1, 70.2, 70.3 operate in parallel, and the output
therefrom is operatively coupled to a curvature processor 84 — which, for example, can be
embodied in the signal processor 26 — which generates a single estimate of road curvature
and associated covariance, in accordance with an interacting multiple model algorithm
2400 (IMM). Generally, the interacting multiple model algorithm 2400 is useful to track
either or both maneuvering and non-maneuvering targets with moderate computational
complexity, wherein a maneuver is modeled as a switching of the target state model governed
by an underlying Markov chain. Different state models can have different structures, and the
statistics of the associated process noises of different state models can be different. The
interacting multiple model algorithm 2400 performs similar to the exact Bayesian filter,
but requires substantially less computational power. Each model has a corresponding filter
that is processed by the curvature processor 84 in accordance with the interacting multiple
model algorithm 2400.

Referring to Fig. 24, the interacting multiple model algorithm 2400 commences
with the initialization in the current cycle of each mode conditioned filter in step (2402),
whereby the mode-conditioned state estimates and covariance of the previous cycle are mixed
using mixing probabilities. Each filter uses a mixed estimate at the beginning of each cycle,
wherein the mixing is determined by the probabilities of switching between models. The

initial estimate and covariance for filter j, for each model, i.e. j=1, ..., r, is given by:

Rk ~1k=1)=> & (k—1k-1)-p; (k—11k~1) (145)
i=]

P -1k~ =Y s, (k=11k—=1)-{P'(k—11k—1)+
i=1

[ (k-1k-D-2Y(k-11k=D][& & -11k-1)=2 (k-11k-1)]} (146)
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Then, in step (2404), the mode-conditioned state is propagated for each model, i.e. j =
1, ..., 1, according to a Kalman filter matched to the j™ mode, Mj(k), so as to provide the state
¥k | k-1) and covariance P (4 | k-1) at time k.

Then, in step (2406), the propagated mode-conditioned state estimates and

e

covariances for each of the modes are combined to give:
ﬁ(klk—l)=25cj(klk—l)uj(k—l) (147)
=
Plklk—-1)=
iyj(k ~D{P (ke tk—1)+[% (k| k=)~ &k | k= 1)][& (k| k=)= &(k 1k~ 1)} (148)
J=1

Then, in step (2408), for each of the r parallel filters, the state estimates and
covariances are calculated, conditioned on a mode being in effect and conditioned on the
corresponding mode likelihood function. The Kalman filter matched to the j™ mode, M;(k),
uses measurement z(k) to provide the state xi(klk) and covariance F(klk), whereby the
likelihood function corresponding to filter j is given by:

Ai(i) = N[z(k); z(k | k ~ 1), Si()] (149)

Then, in step (2410), the model probability 4i(k) is updated for each mode, i.e. j =1,
.e+y I, in parallel so as to provide the likelihood that each model is correct. The mixing

probabilities are calculated for all combinations of (i,j) for ¢, j = 1, ...r), as follows:

1
My (k =11k 1) = = Pyth(k=1) (150)
i

where
¢, =D pym (k=1 (151)
i=1
The mode probabilities are then updated for each mode, i.e. j = 1, ..., r, as follows:

1, () =2 A, )z, (152)
s =—A;k)e

c= A, (h)E, (153)

=1
Then, in step (2412), the overall state estimate and covariance — the output of the
interacting multiple model algorithm 2400 -- is calculated by combining the mode-

conditioned state estimates and covariances as follows:
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(k1 k) = ifcj(klk),uj (k) (154)
j=1
P(klk) = Z 1 (P (k1) +[27 (k1 k) — Rk V)R (k| k) — (k1 )]} (155)

=1
The measurement and its noise covariance used as input to the interacting multiple
model algorithm 2400 curvature filter, for each of the three associated mode-conditioned

5  Kalman filters, are given by:

C'Om Uk
S (156)
Clm k ﬂ_(f)kUk
R
Re, = J ox By J o (157)

where Py 1s the state error covariance matrix from the host filter, and J¢y is the Jacobian

matrix given by:

10 Jox = 2 ~ 73 A 5

2, 30U, a, u, 1
3 T 53 3 2

U, U, U, U, U,

(158)

The Markov model is implemented by assuming that at each scan time there is a
probability p; that the target will make the transition from model state i to state j. These
probabilities are assumed to be known a priori and can be expressed in a model probability

transition matrix, e.g. as follows:

15 New State
1 2 3
. Upyn P P 095 0.01 0.04
Prior ;
s = 2| Py Pm Py |=]0.07 0.75 0.18 : (159)
State

3| py Py Ps| |017 0.16 0.67

Referring to Figs. 1 and 25, in accordance with another embodiment of a road

curvature estimation subsystem 42’, the predictive collision sensing system 10 further

20 comprises a vehicle navigation system 86 and an associated map system 88, operatively
coupled to the signal processor 26. For example, the vehicle navigation system 86 could

comprise a GPS navigation system that provides at least a two-dimensional vehicle position
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measure Z i indicative of the current vehicle position on the road surface, e.g. Z }g = [x, y],

having an associated error covariance Bg =CoV (_Z_ i‘; ) where x and y are the world absolute

coordinates of the vehicle, e.g. latitude and longitude coordinates in the World Geodetic
System WGS. The vehicle navigation system 86 could also provide altitude and time

information, and/or the associated velocities of the measurements. The vehicle position
measure Z }g is used with the map system 88 to determine the position and curvature

coordinates of the road relative to the host vehicle 12, wherein the map system 88

incorporates a digital map database in absolute coordinates and an algorithm to convert the
vehicle position measure Z 73 -~ in world absolute coordinates -- of the road on which the

host vehicle 12 is located, to the host absolute coordinates in the coordinate system used
hereinabove for road curvature and target state estimation. Accordingly, the map system 88

provides for the following transformation:

[X°.Y°,C"1= " (%) (160)
wherein (x, y) are the world absolute coordinates of the vehicle position measure Z ;:’: from

the vehicle navigation system 86; X°and Y‘are vectors containing the coordinates of the
center of the road closest to [x, y], and C* is an array containing the curvature parameters
corresponding to the road center point coordinates in the vectors X“and Y. Accordingly,

[X°(@i),Y°(i)] represents a point on the center of the road, and C* (i) =[C°,C'] represents the
p P

curvature parameters of the road at that point. The error covariance of X“and Y*° is Bﬁl,

and the error covariance of C* is given by RE., representing the noise or error in the

associated map data. The map system 88 can either store both the road position coordinates
and associated curvature parameter information, or could calculate the curvature parameters
from the stored position coordinates of the road centers as the information is required. The
world absolute coordinates can be transformed to host vehicle absolute coordinates by a
combination of translation and rotation, given the position of the host vehicle 12 from the
vehicle navigation system 86, and the heading of the host vehicle 12 based upon either

information from the host filter 52.1, or from the vehicle navigation system 86, or both.
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More particularly, given the vehicle position measure Z £ in one embodiment the

map system 88 uses an associated map database to determine the road that the host vehicle
12 is most likely on by finding roads in the associated map database that satisfy the following

selection criteria:
T
(_z_,i’ —z")-_R_g -(z,i’ —z") <T (161)
where T is a selection threshold and Z' is a point on the road that is closest to the vehicle

position measure Z ‘]g . If more than one road satisfies the selection criteria, then the most

~C
A C
likely road is selected by comparing the curvature ng = { 0 estimated by another road
C ke
curvature estimation system 42 with the curvature C® of each prospective road from the
1

map database of the map system 88, and the road from the map database, for which the

curvature C* of the point nearest to the vehicle position measure Z ]‘g is closest to estimated

curvature ch from the other curvature estimation system 42, is selected as the most likely

road from the map database, and the associated curvature at the closest point is then given as

Referring to Fig. 25, the curvature Q]‘f I from the map system 88 of a point on the

road closest to the location of the host vehicle 12 from the vehicle navigation system 86 is
used as a measurement to an associated Kalman filter 54’ of a corresponding curvature

filter 54.1°, which is used to generate a corresponding map-based road curvature estimate

¢ -
{ N } and an associated covariance PkC ]— g
e
kik

C'l

Referring to Fig. 26, in accordance with another embodiment of a road curvature

t
r

estimation subsystem 42°°, the associated trajectory |7 | of the target vehicle 36 -- as
Mk
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measured by the radar sensor 14 -- can be used to determine an estimate of road curvature of
the roadway 34 based upon the premise that under normal driving conditions, the target
vehicle 36 is assumed to follow the roadway 34. The dynamics of the t™ target are assumed
to be given by the following constant-acceleration kinematic equations, which are embodied

in an extended Kalman filter 90 of an auxiliary filter 90.1.

Xey =F 2l +wl, w~N(©0,Qf) (162)
g =B (& )+, v ~NORY) (163)
where
-
) - j
1 T T x“ T
at ]?] 0 2 ar iat at .
Fk=0 F,E=O 1 T |, x'=| ,| and z'=|F (164)
1 7
00 1 g an
- - _j;at_k

wherein 7 is the sampling period, the superscript ( -)t is used to designdte a particular target,
and the superscript ()” is used to indicate that the filter is auxiliary.

. . T . .
The associated measurement function %, is non-linear, and given by:

(165)

Sy Y

The extended Kalman filter 90 provides for linearization of the non-linear

. t . . . . . .
measurement function %, using an associated Jacobian matrix, and provides for an estimate

~at . . . .
of the target state Xelke s and its associated error covariance Pf"t , which are transformed by

k|k

. . . C
an associated measurement processor 92 so as to provide the measurement input z, - and

associated error covarianceR{- to an associated Kalman filter 94 of an associated
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. . (o) . .
curvature filter 94.1. The measurement input z,~ and associated error covariance RS- are

given by:
j\)ut
2o =] 3" (166)
Lat
Y Kk
RC- = pH (167)
yklk

The system equations of the associated Kalman filter 94 of the associated curvature

filter 94.1 are given by:
X =B 2wl w T ~N@©0,QF) (168)
zi” =H a8, W ~NO,RE) (169)
where
1 0 0 B
FC-=|0 1 A-U+U-M/2|, xi~' =|C, (170)
0 0 1 C,

k

~ ) X _
J"\:tft Aat
O (5]
2 6
~at 2 Rat
Aat a X
Hlf_r =0 xulxtr ( : (171)
Aat 2 &
0 )'&at_géat +(§:ut)2 )’éw(;éat)z n ) x
2
- x|k

The auxiliary filter 92.1 and the curvature filter 94.1 of the road curvature
estimation subsystem 42’ operate in accordance with the Appendix.

Referring to Fig. 27, in accordance with another embodiment, a predictive collision
sensing system 10.1 comprises a plurality of road curvature estimation subsystems 42.1,
42.2, ..., 42.N, each of which operates in accordance with any one of the various
embodiments of road curvature estimation subsystems 42, 42’ or 42’ described
hereinabove, e.g. as illustrated in Figs. 4, 19, 23, 25 or 26. Each road curvature estimation
subsystem 42.1, 42.2, ... 42.N provides a separate, associated estimate of road curvature,
which is then fused by a road curvature fusion subsystem 96, for example, to provide an

improved estimate of the road curvature and associated error covariance at a future location

42~
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along the roadway 34. For example, in one embodiment, the predictive collision sensing
system 10.1 incorporates first 42.1 and second 42.2 road curvature estimation
subsystems, wherein the first road curvature estimation subsystem 42.1 is a road
curvature estimation subsystem 42 responsive to host vehicle measurements, and the
second road curvature estimation subsystem 42.2 is a road curvature . estimation
subsystem 42’ responsive to measurements from a vehicle navigation system 86 and an
associated map system 88.

From the first road curvature estimation subsystem 42.1, the curvature estimate
and associated error covariance at a distance I along the roadway 34 from the current

location are given respectively by:
C(l)=C,+C,-1 (172)
Re(I)=Roo+ Ryl (173)
where Rcy, Rcr and R are the error covariances of Cp, C; and C respectively.
From the second road curvature estimation subsystem 42.2, the corresponding
curvature estimate is given by Cg(l) and the corresponding error covariance is given by R,,
wherein R, is generally a constant scalar.

The curvature estimates and associated error covariances are combined by the road

curvature fusion subsystem 96, for example, as follows:

C,(1)=G-c)+G,-C, () (174)
R, (1)=(R.0*+R™)" (175)

where G and Gy are weights given by:

G=———— (176)
1+ RC(])
R&’
1 177
Gg -“:'—R— ( )
1+—=
R.(D)

The fused curvature op (l) and associated error covariance R, (l ) can be used by

other processes, for example for improving the estimation of the locations of the host 12 or

target 36 vehicles, or for collision prediction. For example, in the embodiment of Fig. 27,

the fused curvature C, (1) and associated error covariance R, (1) are input to a constrained

target state estimation subsystem 46 for estimating the constrained target state, wherein the
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constrained target state estimation subsystem 46 and the associated unconstrained target
state estimation subsystem 44, target state decision subsystem 48, and target state fusion
subsystem 50 function in accordance with the embodiment illustrated in Fig. 4.

While specific embodiments have been described in detail in the foregoing detailed
description and illustrated in the accompanying drawings, those with ordinary skill in the art
will appreciate that various modifications and alternatives to those details could be developed
in light of the overall teachings of the disclosure. Accordingly, the particular arrangements
disclosed are meant to be illustrative only and not limiting as to the scope of the invention,
which is to be given the full breadth of the any claims derivable from the description herein,

and any and all equivalents thereof.

APPENDIX — DESCRIPTION OF KALMAN FILTERING

A Kalman filter is used to estimate, from a set of noisy measurements, the state and
associated covariance of a dynamic system subject to noise.

The system dynamics are defined by:
Lo =B +we, w~NO0,Q,) (A-1)
where x, is the system state vector, F, is the system matrix and w, an associated vector of

noise variables corresponding to each state variable, each noise variable having a mean value

of zero, and a variance given by the corresponding element of the associated variance vector,
Q..

The dynamics of the associated system measurements are given by:

Zr = Hk Xy Yy, v, ~N@O,R) (A-2)
where z, is the system measurement vector, H, is the measurement matrix and v, an

associated vector of noise variables corresponding to each measurement variable, each noise

variable having a mean value of zero, and a variance given by the corresponding element of

the associated variance vector, R,. The values of the elements of the associated covariance

matrix R, can be determined a priori from analysis of the representative measurements of
the associated system for associated representative sets of operating conditions. The values

of the elements of the associated covariance matrix Q,account for modeling errors.

Generally, the associated matrices F,, Q,, H,, R, can vary over time.
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Given a measurement z, at time k, and initial values of the state x, , , and

associated covariance P, at time k-1, the Kalman filter is used to estimate the associated
state x,, and associated covariance P, at time k.

The first step in the filtering process is to calculate estimates of the state x,, , and

5  associated covariance P,,_; at time k based upon estimates at time k-1, as follows:

Xy = B Xy (A-3)

Pklk—l = Fk 'Pk—llk—l FLT +Qk (A-4)

The next step is to predict the measurement z, and associated covariance matrix S,

at time k, as follows:
10 21: =H, - Xy { (A-5)
S, =cov(z,)=H,-P,_,-H +R, (A-6)
The next step is to calculate a gain matrix G, used for updating the state vector x,,
and associated covariance matrix P, , as follows:
G, =Py HZ 'SZI (A-T)
15 Finally, the state vector x,, and associated covariance matrix P, are estimated at
time k, responsive to the associated measurement gz, , as follows:
X = X1 7 G - (24 _;-k) (A-8)

Pklk = k-1 _Gk 'Sk 'GI (A-9)
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CLAIMS

What is claimed is:

A road curvature estimation system, comprising:

a. a speed sensor adapted to measure a longitudinal speed of a vehicle on a roadway
and to generate a measure of longitudinal speed responsive thereto;

b. a yaw rate sensor adapted to measure a yaw rate of said vehicle and to generate a
first measure of yaw rate responsive thereto;

c. a steer angle sensor adapted to measure a steer angle associated with at least one
steered wheel of said vehicle and to generate a first measure of steer angle
responsive thereto; and

d. a processor operatively coupled to said speed sensor, to said angular rate sensor and
to said steer angle sensor, wherein if said longitudinal speed of said vehicle is
greater than a threshold, said processor is adapted to estimate a curvature of said
roadwayn responsive to said first measure of yaw rate and to said measure of
longitudinal speed, and if said longitudinal speed of said vehicle is less than a
threshold, said processor is adapted to generate and estimate of at least one
curvature parameter of said roadway responsive to said measure of steer angle and
to said measure of longitudinal speed, regardless of the curvature of said roadway.

A road curvature estimation system as recited in claim 1, wherein said processor

comprises at least one Kalman filter, and said at least one Kalman filter is adapted to

generate an estimate of at least one curvature parameter responsive to said measure of
longitudinal speed and at least one of said first measure of yaw rate and a second
measure of yaw rate responsive to said measure of steer angle and said measure of

longitudinal speed, wherein said at least one curvature parameter is representative of a

curvature of said roadway.

A road curvature estimation system as recited in claim 1, wherein said at least one

Kalman filter comprises first and second Kalman filters, said first Kalman filter is

adapted generate an output comprising an estimate of a host state responsive to said

measure of longitudinal speed and to said first or said second measure of said yaw rate,

said host state comprises a yaw rate, a yaw acceleration, a longitudinal speed and a

longitudinal acceleration and said second Kalman filter is adapted to generate said

estimate of said at least one curvature parameter responsive to said output from said

first Kalman filter.
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A road curvature estimation system as recited in claim 1, wherein said processor

comprises at least one Kalman filter, at least one said Kalman filter is adapted generate

an output comprising an estimate of a trajectory of said vehicle responsive to said

measure of longitudinal speed and to said first or said second measure of said yaw rate,

and said processor is adapted to determine said at least one said estimate of said at least

one curvature parameter from a curve fit of said host trajectory.

A road curvature estimation system as recited in claim 4, wherein said curve fit spans a

sliding window.

A road curvature estimation system as recited in claim S, wherein a length of said

sliding window is adapted responsive to at least one said estimate of said at least one

curvature parameter.

A road curvature estimation system, comprising:

a.  a speed sensor adapted to measure a longitudinal speed of a vehicle on a roadway
and to generate a measure of longitudinal speed responsive thereto;

b.  asource of a measure of yaw rate of said vehicle; and

c.  a processor operatively coupled to said speed sensor and to said source of said
measure of yaw rate, wherein said processor comprises at least one Kalman filter,
and said at least one Kalman filter is adapted to generate an estimate associated
with at least one curvature parameter responsive to said measure of longitudinal
speed and to said measure of yaw rate, wherein said at least one curvature
parameter is representative of a curvature of said roadway and at least one said
Kalman filter comprises a sliding window.

A road curvature estimation system as recited in claim 7, wherein a length of said

sliding window is adapted responsive to at least one said estimate of said at least one

curvature parameter .
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A road curvature estimation system, comprising:

a.

a speed sensor adapted to measure a longitudinal speed of a vehicle on a roadway
and to generate a measure of longitudinal speed responsive thereto;

a source of a measure of yaw rate of said vehicle; and

a processor operatively coupled to said speed sensor and to said source of said
measure of yaw rate, wherein said processor comprises first and second Kalman
filters, said first Kalman filter is adapted generate an output comprising estimates
of a plurality of host state variables responsive to said measure of longitudinal
speed and said measure of said yaw rate, said plurality of host state variables
comprise yaw rate, yaw acceleration, longitudinal speed and longitudinal
acceleration; said second Kalman filter is adapted to generate an estimate of at
least one state variable responsive to a measurement calculated from a plurality of
said host state variables, and said at least one curvature parameter is calculated

from at least one state variable of said second Kalman filter.

A road curvature estimation system as recited in claim 9, wherein at least one said state

variable of said second Kalman filter is related to a time derivative of curvature.

A road curvature estimation system, comprising:

a.

a speed sensor adapted to measure a longitudinal speed of a vehicle on a roadway
and to generate a measure of longitudinal speed responsive thereto;

a source of a measure of yaw rate of said vehicle; and

a processor operatively coupled to said speed sensor and to said source of said
measure of yaw rate, wherein said processor comprises a plurality of curvature
estimators associated with a corresponding plurality of different roadway models,
each said curvature estimator is adapted to estimate at least one associated
curvature parameter of a corresponding said different roadway model, said
processor provides for selecting a most likely of said different roadway models as
a most likely roadway model, and said processor provides for outputting said at
least one curvature parameter of said most likely roadway model as an estimate of

curvature of said roadway.

12. A road curvature estimation system as recited in claim 11, wherein said processor

comprises an interacting multiple model algorithm incorporating a mode jump process

characterized by a Markov chain.
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13. A road curvature estimation system as recited in claim 12, wherein said interacting

multiple model algorithm comprises:

a

b.

5 c.
d.

e

f.

a mode-conditioned filter initialization process;

a mode-conditioned state propagation process;

a combination of mode-conditioned state and covariance propagations;
a mode-conditioned update process;

a probability evaluation and update process; and

process to output state and covariance estimates.

14. A road curvature estimation system as recited in claim 11, wherein said plurality of

different roadway models comprise at least two roadway models selected form a

straight road model, a quadratic road model, and a clothoid road model.

15. A road curvature estimation system, comprising:

a
5
10
b.
15

a plurality of road curvature estimation subsystems selected from a first road
curvature estimation subsystem adapted to estimate a first set of at least one first
curvature parameter responsive to a measure of longitudinal speed of a host
vehicle on a rodway and a measure of yaw rate of said host vehicle, a second road
curvature estimation subsystem adapted to estimate a second set of at least one
second curvature parameter responsive to a measure of said second set of at least
one second curvature parameter from a map database responsive to a measure of
location of said host vehicle, and a third road curvature estimation subsystem
adapted to estimate a third set of at least one third curvature parameter responsive
to a radar measurement of a target vehicle traveling on said roadway; and

a processor adapted to fuse at least two of said first set of at least one first
curvature parameter, said second set of at least one second curvature parameter,
and said third set of at least one third curvature parameter so as to generate a
fourth set of at least one fourth curvature parameter as an estimate of curvature of

said roadway.
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A road curvature estimation system as recited in claim 15,‘ wherein said second road

curvature estimation subsystem comprises:

a.  a vehicle navigation system adapted to provide said measure of location of said
host vehicle;

b.  said map database adapted to provide said measure of said second set of at least
one second curvature parameter responsive to said measure of location; and

c.  a Kalman filter adapted to estimate said second set of at least one road curvature
parameter.

A road curvature estimation system as recited in claim 15, wherein said third road

curvature estimation subsystem comprises:
a radar sensor adapted to provide a measure of a trajectory of said target vehicle;

b.  an extended Kalman filter adapted to provide a target state vector responsive to
said measure of said trajectory of said target vehicle; and

c.  acurvature filter adapted to generate said estimate of said third set of at least one
third curvature parameter responsive to a measure of said third set of at least one
third curvature parameter responsive to said target state vector.

A road curvature estimation system as recited in claim 15, wherein said processor

generates said at least one fourth curvature parameter from a weight combination of at

least two of said first set of at least one first curvature parameter, said second set of at

least one second curvature parameter, and said third set of at least one third curvature

parameter.

A road curvature estimation system as recited in claim 15, wherein said processor

generates and error covariance associated with said at least one fourth curvature

parameter from a weight combination of at least two of a first error covariance

associated with said first set of at least one first curvature parameter, a second error

covariance associated with said second set of at least one second curvature parameter,

and a third error covariance associated with said third set of at least one third curvature

parameter.
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