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LIDAR Sensing for Vehicle Lateral Guidance:
Algorithm and Experimental Study

Guang Lu, Member, IEEE, and Masayoshi Tomizuka, Fellow, IEEE

Abstract—This paper describes a new vehicle detection system
based on a laser imaging, detection, and ranging (LIDAR) sen-
sor, and conducts an experimental study to investigate the sensor’s
role in the current California PATH vehicle lateral guidance sys-
tems. The LIDAR sensor is installed on a controlled vehicle and it
can measure the relative distance of the vehicle from a preceding
vehicle, by scanning the horizontal plane with laser beams. Envi-
ronmental clutter becomes the main challenge in data processing,
when LIDAR tries to track the desired target. A probabilistic data
association-based algorithm has been developed to solve this prob-
lem, which has been verified in real-time experiments using two
Buick LaSabre vehicles. The experimental study also reveals the
relation between the LIDAR outputs and the magnetic reference
system widely used by the current PATH lateral control systems,
and the results provide the guidelines on how this new sensor sys-
tem may be used for vehicle lateral guidance.

Index Terms—Automated highways, laser scanning radar, vehi-
cle following, vehicle lateral guidance.

1. INTRODUCTION

N AN automated highway system (AHS), each vehicle is
I automatically controlled in both longitudinal and lateral di-
rections, and the intervehicle distance is kept small within each
platoon so that the highway capacity can be increased by 2—6
times over current peak capacities [1], [2]. Lane keeping, i.e.,
regulation of lateral deviation from the road centerline becomes
the goal of any vehicle lateral control system. This has placed
sensing technology on a critical role, as the lateral control sys-
tem relies on the onboard sensors to detect the lateral deviation
of the vehicle. Magnetometers [3]—[5], vision systems [6]—[9],
and GPS [7] have been so far proposed to achieve this goal.
However, all these sensing schemes require some kind of road
infrastructure. Magnetometers can only detect distance from
magnets, and hence magnets need to be buried under the road
centerline for possible lateral guidance. Vision systems require
clear lane markers, and GPS beacons are often required to make
the GPS measurement possible.

The requirement of road infrastructure can be removed, if an-
other vehicle is used as a lead vehicle to laterally guide the con-
trolled one along the road centerline. This is called autonomous
vehicle following (AVF) control [10]-[12]. The AVF allows a
vehicle to be automatically controlled to follow its preceding ve-
hicle to achieve the lane-keeping performance. The main benefit
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of this approach is that it requires no road infrastructure, as it
only needs an onboard sensor to detect the relative distance be-
tween the two vehicles. Thus, technically, autonomous lateral
following is much easier to realize, although it requires the lead
vehicle, which may be manually controlled, to follow the road
reasonably well.

A key technical challenge in AVF is the detection of the
relative intervehicle distance, especially the lateral distance.
This is how a new laser imaging, detection, and ranging
(LIDAR) sensor was introduced to the California (partners for
advanced transit and highways) PATH lateral guidance system.
LIDAR scans in the horizontal plane at every sampling step,
and may detect the position of any reflective target. However,
clutter in the environment causes severe challenges in LIDAR
sensing as the sensor tries to track the desired target, i.e., the
leading vehicle.

It is an interesting question as to how the new LIDAR sensor
fits into the current lateral guidance systems. Most of the
current PATH lateral controllers rely on the use of two sets of
magnetometers, one mounted under the front bumper and the
other mounted under the rear bumper, for detection of the ve-
hicle lateral deviation. Understanding the relation between the
LIDAR and the magnetometers may help to create a better sensor
management system for enhanced vehicle and passenger safety
through fault-detection and fault-tolerant algorithms. Such a
discovery may also lead to similar improvements in other types
of vehicle lateral guidance systems, e.g., vision or GPS systems.

This paper presents a probabilistic-data-association-based
data processing algorithm for LIDAR to accurately track the
preceding vehicle, in spite of the environmental clutter. This al-
gorithm is verified in real-time experiments involving a platoon
of two Buick vehicles. An experimental study is also conducted
to investigate the relation between the LIDAR and the magne-
tometer measurements.

The rest of the paper is organized as follows. Section II de-
scribes the working scheme of the LIDAR sensor being used.
Section III briefly introduces the data processing algorithms for
LIDAR sensor. This is followed by a detailed derivation in Sec-
tion IV. Experimental validation is presented in Section V. An
experimental study is then conducted to investigate the relation
between the LIDAR and the magnetometer measurements in
Section VI. Finally, Section VII concludes this paper.

II. LASER SCANNING RADAR SENSOR

A LIDAR sensor shown in Figs. 1 and 2 has been used to
measure the relative distance from the leading vehicle to the fol-
lowing vehicle. As shown in Fig. 3, the LIDAR sensor consists
of alaser diode, a scanning mechanism, and a receiver. The laser
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Fig. 1. LIDAR mounted on top of the vehicle.

Fig.2. LIDAR: A closer look.
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Fig. 3. LIDAR working scheme.

diode emits laser beams to the roadway. The scanning mecha-
nism is a rotating prism, and it makes the laser beams scan in the
horizontal plane. If the laser beams hit any reflective object on
the roadway, they will bounce back. The reflected laser beams
can be detected by the built-in receiver. The distance from the
sensor to the object is measured by the “Time of Flight” (TOF)
principle, which says

s=cTl (D

where s is the distance from the sensor to the target, T is the
flight time of the laser beam before it reaches the target, and
c is the speed of light, which is 2.976 x 10® m/s. Since the
laser beams scan in the horizontal plane with constant steps,
the orientation of the object can also be measured by counting
the number of the scanning steps. Hence, the position of an
object is uniquely defined in a two-dimensional (2-D) space.
The measured position is written in polar coordinates, and can
be later converted to Cartesian coordinaes. In this research, a
target with a reflective surface is fixed on the rear bumper of
the leading vehicle, and a LIDAR sensor is installed on the

TABLE I
LIDAR SPECIFICATION

class of laser beam class 1
wave length 800 nm (infrared)
maximum measurable distance 153 m
distance resolution 0.15m
number of scanning steps 80
scanning angle of each step 0.15°
scanning range of angle 12°
vertical beam width 4°
TABLE II

DATA SPECIFICATION FOR LIDAR

Serial Communication Specification Value
speed 38400 bps
start bit 1 bit

data length 8 bits
parity Even

stop bit 1 bit

following vehicle. Therefore, the relative distance between the
two test vehicles can be measured in real time.

The laser beam emitted by the LIDAR sensor used in this
study scans horizontally 12° in 80 equal steps for every 100 ms.
At each step, the LIDAR sensor measures the distance and
angular position of the object that reflects the laser beams along
with the intensity of the reflection. The intensity information
is shown in the form of an integer varying from O to 31. The
specification of the LIDAR sensor is shown in Table 1. For
example, if the longitudinal distance between the two vehicles
is 10 m, the width of the scanning area is about 2 m with the
resolution of 0.025 m. A set of 162-byte data is transmitted every
100 ms cycle through the serial port. The data specification is
listed in Table II.

III. PROBABILISTIC DATA ASSOCIATION

When the laser beam scans, it detects anything reflective on
the roadway. Since there are numerous reflective objects and
surfaces in the environment, the LIDAR sensor returns one set
of measurements in every scanning step. For each sampling
period, the LIDAR sensor returns 80 sets of measurements,
most of which are not related to the desired target. Extraction
of the useful information about the real position of the desired
target from the sensor measurements has thus become a key
research issue.

At the first thought, picking one measurement that has the
strongest intensity value seems to be a natural idea. However,
two main concerns arise about this method. First, the intensity
data is quite rough, because it is an integer varying from 0 to 31.
Hence it is not practical to rely on the intensity data to make the
decision. Second, picking only one measurement is of high risk,
because the algorithm is very likely to keep tracking a wrong
target if a wrong selection has been made at some sampling
point in the past.

To determine the actual position of the target of inter-
est, a probability data association method proposed by Bar-
Shalom and Tse [13] has been applied to process the LIDAR
measurements. The fundamental idea of the data processing al-
gorithm is to combine all the validated measured data, according
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to their probabilities of being the correct measurement to update
a Kalman filter. The data points that are more likely to be the
correct measurements receive higher weights in the algorithm
than other data points. This is mainly based on the a priori as-
sumption that all measurements are normally distributed around
a predicted point.

Details of this algorithm are described in Section I'V.

IV. LIDAR DATA PROCESSING ALGORITHM

The dynamics of the target in track, i.e., the lead vehicle, are
modeled by the following equation:

x|k + 1] = Fx[k] + Gnlk] (2)

where z[k] is the state vector consisting of the position and
velocity of the lead vehicle relative to the following vehicle in
Cartesian coordinates

clk] = 2 & yr 9] " 3)

and n[k] consists of the relative acceleration in z and y directions

iy [k] >
nlkl =1 . . 4
= (50 @
In vehicle following testing, the relative acceleration should

be kept small, and we further assume n[k] to be normally dis-
tributed, zero mean, white process noise, with the variance

E(n[k]n"[j]) = N[k]ox;. (5)

In practice, N [k] may be chosen as a diagonal constant matrix.
Then, F' and G are constant matrices and can be calculated
as follows.

1 7. 0 0
01 0 0
F=1o o 1 1 ©®)
0 0 0 1
/2 0
. 0
G=1 0o 12 )
0 T

where T is the sampling time of LIDAR sensor.

Remark on the Sampling Time: The value of the sampling
time decides the accuracy of the one-step prediction in the al-
gorithm. Hence, smaller sampling time usually leads to better
performance. However, the selection of the sampling time is
subject to the physical limitations posed by the sensor, i.e.,
how fast the LIDAR can scan, since the estimation algorithm
has to rely on the real-time measurements as feedback infor-
mation. In this case, the sensor specification determines that
Ts = 100 ms. For vehicle guidance system to work, a sampling
frequency of at least 10 Hz is usually necessary. It should also
be noted that smaller sampling time also increases the compu-
tation load, which may cause failure of the system, especially
when large amount of measurements have to be processed in real
time.
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Although LIDAR measurements arrive in polar coordinates,
they are converted to Cartesian. Accordingly, the measurement
model for one measurement is given by

z|k] = Hz[k] + v[k] 8)

10 0 O
H= ©))
0 010
and v[k] consists of the zero mean, white process noise, and
Gaussian measurement noises in z and y directions as

where

(10)

with the variance

E(v[klv™[5]) = R[Kld;. (10
In the last equation, R[k] is the measurement noise covariance
at time index k, which can be converted from the measurement
noise variance in polar coordinates according to Li and Bar-
Shalom [14]

02 — 1207 [b+cos(20)  sin(26)
Rlk] ~ 2 sin(26) b — cos(26) (12)
where
o2+ 7“203
_drT7 Y 1
b 02 —r2o} (13)

and o, and oy are the standard deviations of the associated polar
coordinate measurement noise. x[0], n[k], and v[k] are assumed
to be independent.

Remark on the Selection of o, and oy: Smaller values for o,
and oy result in a stronger feedback gain in the estimation, which
may achieve better performance when the measurements are
associated with little noise. However, when the measurements
are noisy, the algorithm may not converge. The values of o, and
oy may be selected according to the specifications of the sensor,
i.e., resolution of the distance and angle measurements. In this
paper, o, = 0.3 m and 0y = 0.0026 rad (0.15°).

However, LIDAR returns more than just one measurement at
each sampling time step. At time index k, there are 80 measure-
ments, denoted by {z;[k]}52, . Assume that some kind of valida-
tion test is conducted, which will be described later, so that only
m[k](m[k] < 80) measurements are considered as candidates
for a correct return. Denote the set of validated measurements
at time k as

Z[k] = {z [‘Z{:]}i:L.A.,m[k]

and the set containing all the previous validated measurements
up to time index k as

Z8 ={Z[jl}i=1,.k-

Now, the problem is how to obtain the optimal estimate of
the state vector based on all the past measurements, i.e.,
E{x[k]| Z*}.

(14)

15)
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Based on the past observations, the algorithm predicts the
state of the target for the current time step. The prediction equa-
tions are

ilk|k — 1) = Filk — 1|k — 1]
2lk|k — 1) = Halk|k — 1.

(16)
a7

If only a single measurement at the kth step, e.g., z;[k], is chosen
for the estimation as if it is known as a correct return, a standard
Kalman filter provides

i [k|k]=2[k|k—1]+ W [k]v; K] (18)

W k]=P[k|k—1|HT (HP[k|k—1)HT+R[k]))"* (19)
where

vilk] = zi[k] — 2[k|k — 1] (20)

and P[k|k — 1] represents the state estimation covariance.

In probabilistic data association, instead of picking only one
measurement, all the validated measurements will be combined
probabilistically. Define the following events as

xilk] = {zi[k| is the correct measurement}
i=1,...,[K] @1

Xo[k] = {none of the validated measurements is correct}.
(22)

Assuming that only one return can be correct at any time index,
the above events are mutually exclusive and exhaustive. Then,
the desired optimal estimate of the state vector can be calculated
as

ik|k] = E{z[k]|Z*}

=" B {allhulk. 2°} P {xilk) 2"}

mlk]
=" ailklkIP {x:[k]| Z"}. (23)
i=0
Define
Bilk] = P{x:[k]|Z"} 24)

to be the probabilistic weight according to which all the candi-
date measurements should be combined in the estimation. Note
that this is a posteriori probability. It is assumed that no in-
ference can be made on the number or distribution of incorrect
returns from the past measurements. However, the algorithm as-
sumes the a priori probability density of a correct measurement,
conditioned upon all the past measurements to be normal, with
mean Z[k|k — 1] and covariance S[k]. Such a probability density
function is then truncated to fit in the validation region, which
is the set containing all the validated measurements. Hence

e~ (1/2)07 (K]S [k [4]

plalklbal], 257 mlk]) = = o e

(25)

where o is the preselected probability that the correct return is
not included in the validation region, and

S[k] = HP[k|k —1]HT + R[] (26)
is the measurement covariance.
Now, (3;[k] can be calculated according to Bayes’ rule
Bilk] = P{xi[k]| 2", m[K]}
= p(Zbxalk], 21, mlk])
x P{mlk]xilk], 25 1P xR 21} @)
where
mlk]
ok = Y p(Zklalk), 251, mlk])
i=0
x P{mlklxilk], 28} P{lk]| 251 @8)

Calculation of each term in the above equations is described as
follows.

Let I[k] denote the number of incorrect returns at the time
index k. Due to the assumption that there is only one correct
return at index k, the value of I[k] can only be equal to m[k],
i.e., the correct return does not fall in the validation region, or
m[k] — 1, i.e., the correct return falls in the validation region.
Hence

P{mlk)Plk], 24~} = P{I[k]=m[k]~1|Z*"} fori #0
(29)
and

P{mlk]|xolk], Z* '} = P{I[k] = m[k]|Z"**}. (30)

Because of the assumption that no inference can be made on the
number of incorrect returns from past data, the above two proba-
bilities are assumed equal. Thus, the term P{m/[k]|x;[k], Z*~*}
in the numerator of (27) can be cancelled out by the same term
in the denominator, i.e., (28).

It is also assumed that P{x;[k]|Z*1} is the same for all 7 #
0. Let ay be the probability for the case that the correct target
position is not detected by the LIDAR sensor, i.e., it is not shown
in any measurement. Then, by incorporating the intensity data
generated by LIDAR ¢;[k], we may get

KL= a)(1 - az)

P{xi[k]| 2"} = o ST ]

€29

It is clear that

P{xo[k]|Z* '} = oy + (1 — ay)as. (32)

To calculate p(Zy|x;[k], Z*~1, m[k]), the algorithm assumes
that all the incorrect measurements are uniformly distributed
within the validation region, i.e., the probability for an incorrect
measurement to appear in any place within the region is con-
sidered the same. Now, let the volume of the validation region
at time index k be V[k], which will be calculated later, then
the uniform distribution assumption implies that the probability
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density function for a single incorrect measurement is

p{z:[k]|z;[k] is incorrect} = L

VT (33)

Hence, when there are m[k] or m[k] — 1 independent incorrect
measurements, the probability density function becomes either
p(Zelxolk], 2"t mlk]) = VI 34)
or
p(Zelxilk], 251 mlk]) = V [k] 0P
xp(zi[k]|xi[k], 251, m[k]) fori#0. (35)
After some calculations,

DRI
VIEI(1—02)é: (K]

Joltt = wa’;[f] oulk] + Zm[k] /DT BISTEG T ) k) 7
VIK(1-az)di[k] j=1 2m/|S[K]| ilk]
(36)
and
o (/20T k]S~ kv (k]
Bi[H] = 2my/IS[K]|
i wZ:n:Ulv] o [k] N Zm[k] e71/21;]T (k]S 1k]uv; [k] ;K]
VIk](1-az)¢; [k] J=1 2m/IS[K]] i [k]
fori=1,...,m[k]. (37)
where
Y =a1 + oy — ajas. (38)
The estimation is now updated by
z[k|k] = Z[k|k — 1] + Wk]v[k]  (39)
mk]
olk] = vilk]Bi[k]. (40)
i=1

It is clear from the above equations that all the validated mea-
surements are combined according to their posterior probability
of being the correct measurements and the weighted sum is used
to update the estimation mechanism. Because of the way the
probabilities are assigned, those measurements that are closer
to the predicted point receive higher weights as they are more
likely to be the correct measurements.

Remark on the Selection of o1 and ay: oy is the probability
that the target has been detected but the correct measurement
has not been included in the validation region, and «y is the
probability that the target is not detected. These values are both
preselected and the selection of these parameters is according
to the following considerations. It can be shown from (36) and
(37) that §;[k] will decrease, when a larger value is chosen for
either of these two parameters. This implies that when the un-
certainty increases, the algorithm tends to reduce the weights on
all the validated measurements. These two equations also show
that the increase of iy has stronger effects on the probability
weights than a1, which implies that missing the detection will
be considered worse than not including the correct measurement
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into the validation region. In this paper, the two parameters are
chosen as «; = 0.02 and a9y = 0.05.

The covariance of the estimation is given by
Plk|k]=Bolk] P[k[k—1]+(1—Po[k]) (I =Wk H) Plk|k—1]
m(k]
> vilklol kIBi[k] | —olk]o” K] W (K]

=1

+W k]

(41)

where the first two terms can be considered as the covariance as
if there is only one return, and

Plk|k — 1] = FP[k — 1|k —1]JFT + GN[k — 1]GT. (42)

Now the validation condition is introduced. All the validated
measurements have to satisfy

vi (K]S [K]vilk] < .

7

(43)

The above condition is used to determine a neighborhood
around the predicted point, since v;[k] is the deviation of the
ith measurement from the predicted point at time index k.
Since the LIDAR measurements are 2-D (in the horizontal
plane), the bound < is determined from y-squared tables,
with two degrees of freedom corresponding to the probability
ay of rejecting the correct LIDAR measurements. Only the
measurements which fall into this neighborhood are used to
update the estimation. It is clear that the validation region
increases with both v and the measurement noise covariance
S[k]. When uncertainty increases in the measurements, i.e.,
S[k] becomes larger, the validation region increases to include
more candidate measurements.

The volume of the validation region is

VK] = my|S[k][/2.

For the 2-D case, this is the area of an ellipse.

(44)

V. EXPERIMENTAL RESULT

Real-time experiments have been conducted using two Buick
test vehicles on the test track at Richmond Field Station, Univer-
sity of California, Berkeley. The test track is used for low-speed
vehicle testing, and it has an embedded magnetic reference sys-
tem, i.e., equally spaced magnets are buried under the road cen-
terline for magnetic detection. Each test vehicle is equipped with
magnetometers to detect the vehicle’s lateral deviation from the
centerline. The track consists of many sharp curves, as shown in
Fig. 4, which makes it challenging for even low-speed testing.

The vehicle with installed LIDAR was used as the follow-
ing vehicle, and both vehicles were controlled to achieve lane-
keeping performance. Intervehicle communication was used to
record the real-time measurements of both vehicles simultane-
ously. The longitudinal distance between the two vehicles was
manually controlled in the tests. Figs. 5 and 6 show the outputs
from the LIDAR detection system after data processing. During
testing, the two vehicles were driven up to around 9 m/s (about
20 mph), which was close to the speed limit allowed on the test
track. Fig. 7 shows the wheel speed recorded for the two vehi-
cles. Fig. 8 compares the relative wheel speed vieag — Vtollower
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Fig. 6. Relative lateral distance between the two vehicles.

to the estimated relative velocity according to LIDAR measure-
ments, which was calculated by

vl [K] = /22 (k] + y2[k] — /22[k — 1] + y2[k — 1]

. @)

10 §

Wheel Speed (m/sec)
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Fig.7.
vehicle.

Vehicle wheel speed. (Dotted line) Lead vehicle. (Solid line) Following
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Fig. 8. Relative inter vehicle velocity. (Dotted line) Relative wheel speed.

(Solid line) Estimated from LIDAR.

It can be seen from the figure that the estimated relative veloc-
ity approximately matched the relative wheel speed recorded
through the intervehicle communication. The two matched es-
pecially well when the relative velocity changed gradually, i.e.,
when the relative acceleration was small, as assumed in the kine-
matic model. Big spikes in the estimates appeared, whenever the
actual relative velocity underwent abrupt changes. However,
LIDAR did manage to track the target in spite of these
spikes generated occasionally, thanks to the probabilistic data
association.

VI. RELATION BETWEEN LIDAR AND MAGNETOMETERS

As a new sensor in the lateral guidance system developed
by California PATH, LIDAR may work more efficiently if it
could be integrated into the existing magnetometer-based sens-
ing scheme. However, there is fundamental difference between
LIDAR and magnetometer measurements in terms of lateral
guidance. LIDAR measures the vehicle’s relative distance from
a preceding vehicle, which is presumed to be following the road
centerline, while the magnetometers measure the vehicle’s lat-
eral deviation from the road centerline directly. Intuitively, if the
preceding vehicle follows the road centerline sufficiently close,
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Fig. 9. Magnetometer outputs. (Dashed line) Rear magnetometer output.
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Fig. 10. Geometric look-ahead scheme.

then the LIDAR measurements may have a strong correlation
with that of the magnetometers. However, such an assumption
has never been verified before.

Currently, there are two sets of magnetometers installed on
each PATH test vehicle, one under the front bumper and the other
under the rear bumper. Fig. 9 shows the outputs of the two sets of
magnetometers during the testing. It can be seen that the output
from the front magnetometers has a phase lead over the output
from the rear magnetometers. Such a phase lead may be further
increased by using a geometric look-ahead scheme as shown in
Fig. 10, as the outputs of the front and rear magnetometers are
incorporated to calculate the vehicle’s virtual lateral deviation
measured at distance dg ahead of the vehicle center of gravity
(CG) according to

o (d2 + ds)yfs + (dl - ds)yrs (46)

Yvs = dy + dy

where y¢; and y,; are the front and rear magnetometer out-
puts respectively, and d; and dy denote the distances from the
front and rear magnetometers to the vehicle CG. As shown in
Fig. 11, the phase lead in the vehicle lateral dynamics increases
with larger look-ahead distance. By extending this look-ahead
scheme, one may reasonably expect that the lateral LIDAR mea-
surement can be interpreted as the lateral deviation at a large
look-ahead distance. In this case, the look-ahead distance also
varies with the relative longitudinal intervehicle distance z,.
Hence, the approximated look-ahead lateral deviation becomes

(d2 + xr)yfs + (dl - xr)yrs
dy + do '

vSs

(47)
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To investigate the relation between LIDAR and magnetome-
ter measurements, the LIDAR sensor has to be accurately cal-
ibrated so that no bias exists in either distance or orientation
measurement. The calibration of the orientation measurement is
especially critical, as a very small bias in the orientation output
may result in a large bias in lateral LIDAR measurements for a
target at a large distance. Since this bias varies with longitudinal
distance, it is hard to identify and compensate in either online or
offline processing. Fig. 12 compares the LIDAR measurements
to the look-ahead lateral deviation, as composed according to
(47), from the two magnetometer outputs. It can be seen from
this figure that LIDAR does provide as much phase lead as the
deviation constructed by the look-ahead scheme in (47). In fact,
the phase lead provided by LIDAR is larger than the one gener-
ated by the look-ahead scheme. This is due to the fact that as the
look-ahead distance increases, the road curvature starts to have
more effects which cannot be predicted by the magnetometer
measurements. For the same reason, the LIDAR outputs are seen
to be generally larger than that of the look-ahead deviation in
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terms of the magnitude. The tracking performance of the lead
vehicle also affects the LIDAR measurements, and in all the
experiments, the maximum lateral error of the lead vehicle was
maintained at less than 10 cm.

Hence, from the experimental results, one may reasonably
consider LIDAR lateral output as lateral deviation of the ve-
hicle measured at the look-ahead distance x,., in terms of the
phase lead it provides. This makes it possible to construct a
vehicle lateral guidance system solely based on LIDAR mea-
surements, i.e., AVF control. As the vehicle is controlled to
follow another vehicle based on the LIDAR measurements, no
other sensors, e.g., magnetometers, and road infrastructure are
necessary. Within the magnetic reference scheme, LIDAR may
also be used to compensate the magnetometer measurements
when some of these magnetometers fail. Especially, as revealed
by previous research [15], [16], the failure of the front magne-
tometers places significant challenges to the controller design
due to the lack of phase lead in the vehicle lateral dynamics. In
this case, the loss of phase lead may be compensated by the use
of the LIDAR sensor.

VII. CONCLUSION

This paper has described a new sensor, i.e., the LIDAR sen-
sor, for the California PATH vehicle lateral guidance system. It
has also introduced the working scheme of this LIDAR sensor,
and presented the data processing algorithm used for the LI-
DAR measurements. The proposed probabilistic data associa-
tion based algorithm has been verified in real-time experiments
using two Buick test vehicles. The testing results show that
the estimated relative intervehicle speed matches the recorded
wheel speed, suggesting that the sensor was successfully track-
ing the lead vehicle. The experimental study has also revealed
the relation between LIDAR outputs and magnetometer mea-
surements, as it shows that the LIDAR output may be roughly
approximated by the look-ahead scheme using the outputs from
the two sets of magnetometers. This demonstrates that LIDAR
may be reasonably considered as a look-ahead sensor, which
provides considerable amount of phase lead. Such a discovery
can be used to develop a new lateral control system that is based
on LIDAR as the only sensor, i.e., AVF control, or a sensor
management/fusion system combining the LIDAR sensor with
the current magnetometers. The measurement redundancy con-
tained in the fusion system allows the future development of
fault-detection and fault-tolerant systems for enhanced safety in
the lateral guidance system.
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