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Simultaneous Detection of Lane and Pavement
Boundaries Using Model-Based Multisensor Fusion

Bing Ma, Sridhar Lakshmanan, and Alfred O. Hero, Rellow, IEEE

Abstract—This paper treats a problem arising in the design of Many gradient-based detection algorithms, which are appli-
intelligent vehicles: automated detection of lane and pavement caple for structured edges including lane and pavement bound-
boundaries using forward-looking optical and radar imaging grjes apply a threshold to the image gradient magnitude to de-
sensors mounted on an automobile. In previous work, lane and ’ . .
pavement boundaries have always been located separately. This.teCt edges (see [4]-[7]). When.a visual |mag.e has clgarly V'_S'
separate detection strategy is problematic in situations when ible lanes, and when the radar image has uniform regions with
either the optical or the radar image is too noisy. good separation between the regions, good performance can

In this paper, we propose a Bayesian multisensor image fusion pe obtained with these algorithms. However, real road scenes
method to solve our boundary detection problem. This method seldom give rise to such clean images—there may be a great
makes use of a deformable template model to globally describe the - - .
boundaries of interest. The optical and radar imaging processes are dgal of cluttgr n the images, radar images hf"“’e etheme'Y |0‘_N
described with random field likelihoods. The multisensor fusion Signal-to-noise ratio (SNR), or there are spurious boundaries in
boundary detection problem is reformulated as a joint MAP esti- the images.
mation problem. However, the joint MAP estimate is intractable, Needless to say, it is difficult to select thresholds which elim-
as it involves the computation of a notoriously difficult normaliza- inate noise edges without also eliminating many of the edge

tion constant, also known as the partition function. Therefore, we . . . .
settle for the so-called empirical MAP estimate, as an approxima- points of interest, and so the conventional edge detection algo-

tion to the true MAP estimate. Several experimental results are fithms described in [4]-[7] are not suitable for our boundary
provided to demonstrate the efficacy of the empirical MAP estima- detection problem under the above mitigating conditions.

tion method in simultaneously detecting lane and pavementbound- A class of successful methods that overcome the thresholding
aries. Fusion of multi-modal images is not only of interest to the in- problem are studied in [7]-[11]. These methods work directly

telligent vehicles community, but to others as well, such as biomed- ith the i intensit dt telv d
icine, remote sensing, target recognition. The method presented in wi € Image Intensity array, as opposed o separately de-

this paper is also applicable to image fusion problems in these other tected edge points, and use a global model of lane and pavement
areas. boundary shape. Two examples from this class are particularly

relevant to this paper:

|. INTRODUCTION 1) Reference [9] presents a vision-based real-time algorithm
called LOIS for locating lane and pavement boundaries
using a deformable template global shape model. The
global shape model adaptively adjusts and aligns a tem-
plate so that it best matches the underlying features of
the lane and pavement-boundary over the entire image.
At the heart of LOIS is a matching function that encodes
the knowledge that the edges of the lane should be near
intensity gradients whose orientation are perpendicular to
the lane edge. This allows strong magnitude gradients to
be discounted if they are improperly oriented and weak
magnitude gradients to be boosted if they are properly ori-
ented. LOIS is shown to work well under a wide variety of
conditions, including cases with strong mottled shadows
and broken or interrupted lane markings, which pose a
challenge for gradient-based lane detection schemes.
Reference [11] presents a method for detecting pavement
boundaries in radar images. Like in LOIS, here too a de-
formable template model is used. The biggest difference
Manuscript received March 7, 2000; revised September 5, 2000. The Asso-  though is in the matching function: [11] uses the log-
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HIS paper treats an important problem concerning nav-

igation of intelligent vehicles: automated detection of
lane and pavement boundaries using forward-looking optical
and millimeter-wave radar imaging sensors mounted on an
automobile. This boundary detection problem is particularly
difficult when no prior knowledge of the road geometry is
available (such as from previous time instants —see [1] and
[3]), and when the detection algorithms have to locate the
boundaries even in situations where there may be a great deal
of clutter in the images. The ability to detect pavement and lane
boundaries in the radar and optical images of a road scenario
is an enabling or enhancing technique for a number of driver
assisting applications, such as road departure or lane excursion
warning, intelligent cruise control and autonomous driving. All
of these applications have potential use in both military and
civilian contexts. 2)
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formable template model plays the role of a prior probabilityained by fusing data from both modalities is evident when these
density function (pdf) and the matching function plays the rolesults are compared to those obtained by processing each data
of a likelihood pdf, respectively. modality separately. The fused boundary detection results are
Note that previously lane boundary detection in opticalso compared to those obtained when no likelihood weighting
images [5]-[7], [9], [10], and pavement boundary detectiois used, to illustrate the advantage of weighting.
in radar images [8], [11]-[13] have always been studied The rest of this paper is organized as follows: Section Il con-
separately. However, a single sensor, either optical or radains a detailed discussion on multisensor image fusion, espe-
sensor, limits itself in the ability to sense and identify theially as it applies to the lane and pavement boundary detec-
relevant features in varying environments. For example, ttien problem. In Section Ill, the deformable template global
optical sensor is not able to operate in a poorly illuminatexhape models for both lane and pavement boundaries are de-
environment, while the radar sensor can not distinguish the laseribed, along with the prior pdf over the template shape pa-
markers on the road. To take advantage of the strengths (aadheters. Sections IV and V treat the radar and optical imaging
overcome the weaknesses) of both the optical and radar sendiksljhoods, respectively. Section VI presents the Bayesian re-
it is natural to think of combining the two different types offormulation of the problem, along with a description of the joint
sensed data together since multiple sensors will provide mdv&\P method used to implement the multisensor image fusion.
information and hence a better and more precise interpretati®ection VIl presents the empirical MAP estimate. Section VI
of the sensed environment. presents the computational issue of the empirical MAP estimate
In this paper, we present a method for fusing the twand Section IX gives experimental results that illustrate the per-
multi-modal images—vision and radar. The problem of interekirmance of the proposed data fusion method. The paper con-
is simultaneous detection of lane and pavement boundarahsdes with a detailed discussion of several relevant issues, in-
using images from both the modalities. Consideration of botiuding possible future work, in Section X.
the modalities is meaningful because lane and pavement bound-
aries for the same road scene are highly correlated. The lane
and pavement boundary detection problem is re-formulated in
a Bayesian framework in this paper. The lane and pavemeniThere has been a growing interest over the past few years in
boundary shapes are represented by a pair of deformathle use of multiple sensors to increase the capabilities of intelli-
template models, one in the ground plane and the other in gent machines and systems. Multisensor fusion deals with inte-
image plane, respectively. And each model has an associaggeation of information from several different sources, aiming at
set of deformation parameters. However, the model parametansmproved quality of results, e.g., better decisions, robust be-
are correlated. A statistical distribution that expresses thavior of algorithms, or improved classification accuracies. In
variability of and correlation between these parameters congther words, fused images can significantly enhance system in-
tutes the prior pdf for the Bayesian reformulation. A pair oferpretation capabilities and reliabilities. The major application
likelihood pdfs (matching functions) provide a relative measusgeas for image fusion include biomedicine [18], [19], remote
of how well the deformed templates of the lane and pavemesgnsing [20]-[22], automatic target recognition [23], [24], and
boundaries match the observed vision and radar images aiuonomous landing guidance [25].
road scene. Fusion of the multi-modal information is realized The intelligent vehicles community has been very active in
by obtaining the joint maximuna posteriori(MAP) estimate the image fusion area as well [14], [15], [26], [27]. The problem
(see Figs. 7-10). The same framework can be extended to faeo-registering vehicle navigation data (proximity of the ve-
data from other modalities such as from infra-red, ultrasouficle ahead, map of the scene ahead, host vehicle position, speed
or single-beam radar sensors. We refer the reader to [14] el heading direction, etc.) with concurrently obtained visual
[15] for examples. images is of much interest to this community. The use of this
Computing the joint MAP estimate involves the relativeo-registered information for affecting various driver warning
weighting of the matching functions, corresponding to the twand vehicle control tasks is also of interest. The problem at
likelihood pdfs. Without a proper choice of this weighting eithelhand, namely, the simultaneous detection of lane and pavement
the vision or the radar matching function will always dominatboundaries from vision and radar images of the same road scene
the other. A theoretically correct choice of weighting involves has not been considered before. A related problem of simulta-
normalizing constant, whose determination is computationalyeous detection of lanes and obstacles from vision and radar
prohibitive. Instead we adopt the so-called empirical MARnages of the same road scene has indeed received much atten-
(Bayes') estimate [16], [17]. The two matching functions arton recently [15], [26], [27]. However, the type of radar used,
linearly combined with a fixed weighting. This fixed weight isthe objects of interest, and the estimation methods employed are
experimentally derived by examining the individual matchingll distinctly different from the ones in this paper.
functions for a (training) set of vision and radar image pairs. The radar data and visual images used in this work
The weight is chosen so that the scales of variation for theere all obtained from an imaging platform mounted atop
individual matching function contributions are approximateBWOLVERINE | (Wheeled Onroad Lab Vehicle Enabling
the same over the entire training set. Research Into New Environmepta self-contained test-bed
Several experimental results are provided to demonstrate tehicle (Fig. 1). The imaging platform uses a 77 GHz frequency
efficacy of this empirical MAP estimation method in simultanemodulated continuous wave (FMCW) radar sensor, with a
ously detecting lane and pavement boundaries. The informatimaximum range of 128 m (resolution 0.5 m) and angular field

Il. MULTISENSORIMAGE FUSION

Authorized licensed use limited to: University of Michigan Library. Downloaded on May 6, 2009 at 14:29 from |IEEE Xplore. Restrictions apply.



MA et al. SIMULTANEOUS DETECTION OF LANE AND PAVEMENT BOUNDARIES 137

\ 128m |
I P
Radar ’/’/
/'/\ \' —— T ——
e o - b
e 0.5m

Wi Camea

Haslar
Fig. 2. Radar setup.
Punrh Tiea
Radar sensor
[ Multi-sensor N
Fig. 1. Configuration of the test-bed vehicle. Road scene fusion Simultaneous lane
and road boundary
Optical sensor

estimate

of view of 64 (resolution 2). The imaging platform is also
equipped with a video camera that is bore-sighted with the
radar and captures a visual image of the same road scene [ 8. Diagram of the optical and radar multisensor fusion.
Figs. 1 and 2 for an illustration and the setup). The radar and
optical sensors sense the same road scenario simultaneousigfrmation, are sufficient for the lane boundary detection task.
order to acquire pair of co-registered images of that scene. However, since it is a passive sensor and works at visible light
The information contained in the optical image depends avavelengths, in an ill-illuminated environment, e.g., at night or
the reflectivity of the road illuminated by natural visible lightin foggy weather, the optical sensor will fail to provide suffi-
The lane boundaries, i.e., the white or yellow lane markersient information about the lane boundary. The radar sensor, on
constitute one of the two boundaries of interest to us and ahe contrary, being an active sensor and operating at millimeter
clearly visible in the optical image. The radar image is obtainagavelengths, has the ability to penetrate through rain, snow, fog,
by illuminating the road scene with electromagnetic radiatiatarkness, etc., i.e., it can operate under all weather conditions
in the millimeter-wave spectrum (see [8] and [13] for a deand provides an “alternate” image of the scenario in front of the
tailed discussion of this image acquisition process). The rekgehicle. Thus the radar image, regardless the illumination sit-
tively smooth road surface forward scatters much of this indirations, can give us the pavement boundary information, and
dent electromagnetic power and hence returns very little povthe precise geometry of the pavement boundaries can be subse-
back to the radar; the side of the road, because it is made up gieently used in a number of driver warning and vehicle control
coarser structure than the road, returns a slightly higher amotagtks. The downside of the radar image though is its notoriously
of power. Thus, in the radar image, the road region is a littfoor SNR and low spatial resolution when compared to a visual
darker than the road sides, and the boundaries of the road delimage of the same road scene.
eate these three regions of different contrast. Since the optical and radar sensors provide different but com-
Evidently, either optical or radar sensor used alone has liplementary information about the road scene ahead of the ve-
ited capabilities for resolving ambiguities and providing consistcle, if the two types of information are combined appropri-
tent descriptions of the road scenario due to the operating ramgely and efficiently, the accuracy of the detected lane and pave-
and limitation which characterize the sensor. The optical sensoent boundaries can be improved. The optical and radar fusion
can provide high SNR images in a well-illuminated environmemlstem shown in Fig. 3 exploits this redundancy, diversity and
such as a sunny day. Such images, which clearly reflect the laroenplementarity between the two modalities.
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Redundancy is caused by the use of two sensors to measuoglel for lane and pavement boundaries assumes that they can
the same entity. It is well known that redundancy reduces uipe approximated by concentric circular arcs on a flat ground
certainty. This can be appreciated from the fact that for two seplane. Such arcs, at least within a reasonable field of view, for
sors, the signal related to the measured quantity is often corseiall-to-moderate curvatures, are well approximated by para-
lated, whereas the uncertainty associated with each individbalic curves
sensor tends to be uncorrelated. To be specific, the lane and
pavement boundaries in the visual and radar images, respec- T = %k?f +my+b (1)
tively, are highly correlated since they are concentric arcs on the
ground-plane and the lane boundaries are inside the road regifiere the parametdris the curvature of the are is the tan-
while the degradations of this boundary information introducedential orientation, and is the offset. While the radius of cur-
by the visual and radar imaging processes have completely §fture and tangential orientation of left and right lane/pavement
ferent characteristics. boundaries will differ slightly, constraining the left and right

Since the vision and radar sensors measure the same sé@p@/Pavement boundaries to have the same paranetand
with different laws of physics, we obtain physical sensor divef2 closely approximates the actual edge shapes for all but very
sity. Another diversity, spatial diversity, which offers differenpmall radii of curvature. Therefore, itis assumed that concentric
viewpoints of the sensed environment simply by having sensé#§€ and pavement boundaries share the same pararheenis
in different locations, also plays a very important role in multit’*-
sensor fusion. In our case, since both sensors are placed at alhe radar image is composed of reflections from the ground,
most the same location, spatial diversity is not an issue in gid its domain is indeed the ground plane. Therefore, (1) can be
work. However, it is because of the absence of spatial diversflifectly applied to model the shape of pavement boundaries in
that we can greatly simplify the registration process, which {g€ radar image. The domain of the visual image, however, is a
usually very complicated. perspectivg projection of the ground plane, and hence (1) ne_eds

Since the imaging system is made up of sensors each of Wh-ﬁefpe rewritten in order to model Fhe sh.ape of lane boundaries
observes a subset of the environment space (the optical seff3dpe image plane. Assuming a tilted pinhole camera perspec-
offers information about the lane boundaries, while the radéye projection model, parabolic curves in the ground plane (1)
sensor offers information about the pavement boundaries), dfsform into hyperbolic curves in the image plane:
the union of these subsets makes up the whole road scenario, we i
achieve data complementarity. c=

In order to realize the advantage of multisensor systems, in-
formation from multiple sources needs to be effectively comvhere
bined in a coherent and efficient manner to compensate for the
individual limitations and deficiencies of sensors. According to kK =mk
the correlation level among data from different sensors, the fu-
sion methods can be classified into two major classes—weak|
coupled and strongly coupled data fusion [28]. In weak cou- ,
pling, the outputs of two or more algorithms that produce in- b =mb + 1, mm + 1, k- @)
formation independently are combined. The basic approach o

f . .
weakly coupled sensory fusion has been to pool the inform'Q—Other words, thé’ parameter is linearly proportional to the

tion using what is essentially “weighted averaging” techniquéslrvature of the arc on the ground plane. Theparameter is

of varying degrees of complexity. In strong coupling, on th@ functio_n of the tange_ntial orientation of the arc on the ground
other hand, the operation of one sensory module is affected g€ With some coupling to the arc curvature as well.if pa-

the output of a second sensory module, so that the outputsr?ﬁneter is afunctlor} of the o_ffset of the arc from the camera on
the two modules are no longer independent. Since the lane dg9round plane, with couplings to arc curvature and tangential
pavement boundaries are concentric and the lanes are restri@f&gtation. The constant, nm. fm, x, 7. M, Mo, m, AN, 1~
inside the pavement region, their geometric shapes are highly?EPend on the camera geometry (resolution, focal length, height
lated. Specifically, the curvature and orientation of the lane af§the camera from the ground plane, and camera ilf).

pavement boundaries are nearly identical in the ground planel®t¢” = {*', vp’, U, Up} and@” = {k, m, by, br} de-

Also, the left and right lane markers have to necessarily fall [iP*® the ulnknown lane andopavement t;]ogndar|gs' parameters,
the pavement region. Thus the problem of simultaneous estiff@SPectively. Let) = 16", 6°} denote their adjoinment. By

tion of the lane and pavement boundaries falls into the strongﬁganging the values @ various lane and pavement boundary
coupled fusion category. Shapes can be realized (see Fig. 4).
The templates of the upper row in Fig. 4 illustrate a straight

road scenario with the deformation parametérs= 0, vp’ =
I1l. DEFORMABLE TEMPLATE MODELS OF LANE AND 256, 0 = —0.6, b, = 0.7, hz = =30, by, = —12.0,bp = 2.4.
PAVEMENT BOUNDARIES The templates of the lower row demonstrate a curved road scene
with &' = 600, vp’ = 340, b, = —3.2, by = —1.0, hz = 200,
lfﬁe: —14.2,bg = 0.4.

reo /
— +0(r—hz)+uvp (2

Up/ =Nmm + hm, kk +7

In most cases, we can assume tagtriori knowledge re-
garding the shape of the lane and pavement boundaries in
optical and radar images is available. A commonly used shapésee [6] for a derivation.
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- expresses tha priori beliefs that lanes and pavements can be

. neither be too narrow nor too wide.

350]

Z IV. RADAR IMAGING LIKELIHOOD

f: The true boundaries of the pavement separate the observed

100 radar image into three regions associated with the road surface,

s the left side of the road, and the right side of the road. Given a
20 @0 40 50 \/ 6", its fidelity to the observed radar image is assessed by how

o homogeneous the corresponding three (road, left, and right) re-

- gions are. A log normal probability law [29] is used to derive

350 the homogeneity criteria.

0 We caution the reader that the radar returns over the the left,

z:: right and road regions are not truly homogeneous. Sources

150 for nonhomogeneity including point-like scatterers (cars, sign

100 posts, retro-reflectors, etc.), changes in the off-road surface

) (grass, gravel, etc.) and presence of periodic off-road structures
1o 20 30 40 S0 (bridges, fences, trees, etc.). Modeling all such variability is

impossible. The log-normal pdf is meant to be a reasonable but
low-complexity (two parameters per region) approximation to

) ) the actual variations in the data.
The problem of simultaneous detection of the lane and paveng rationale for using the log-normal law, as opposed to

ment boundaries is now equivalent to the problem of estimating,ma|, exponential, or Rayleigh laws, is due to previous studies
6. The elements of have to satisfy some constraints, and fof30]_[32]. To appreciate the appropriateness of the log-normal
some elements & the range of physically meaningful values,qf 1o describe radar returns, we refer the reader to Fig. 5, which

they can possibly assume is knownpriori. Given a hypo- gemonstrates that log-normal is an excellent approximation to
theticald, its fidelity to the observed optical and radar imageg,e radar return.

can also be assessed. In this paper, we choose a probabilistics; » — {(r, ), 1 < 7 < iy Prnin < ¢ < Prnac} deE-
Bayesian framework to express the constraintsatpéori be-  gte the range and azimuth coordinates of the pixels in the mil-

Fig. 4. Boundary templates for the optical and radar images.

liefs, and the assessment of fi_delity to data: _ limeter-wave radar imags™. Z" is a random field representing
~We present the so-called prior pdf here (fidelity to the data jfie power of radar returns over the dom#inGiven the pave-
discussed in the next section) ment boundaries, it is assumed that the conditional probability
0) =p(6°, 6) of Z” taking on a realization” (corresponding to a single ob-
P2y =pEs 2 , , , servation) is given by the log-normal pdf
=1y, 50, (b7, br) X Iy, <3, (VR, br) X 6(F — mi.k)
x 6 (Up/ - [nrnm + Tm, kk + 77]) p(ZT|QT) — H ;
2 / ! 2 Po,2 (r, 6)CL %y 2mal,(67)
x —atan [3, 1 x (b — b )] x —atan | — - : réy/ ré
T T bp — ), .
9 9 3, L (g3
X —atan [Br.1 % (bg — b)] ¥ 2 atan {bR/—JbL} X exp{ 2020 [log 21y — prg (87)] } (5)
4 . . .
“) where ji,.4(8"), 02,(¢") denote the mean and variance of the
wherel4(z, ) is an indicator function, region to which the pixe{r, ¢) belongs. In (5)f" is used to
. o _ emphasize the dependencies of means and variances?,
Li ({o, o)) = 1, if (z, y) satisfies relatiom on the unknown paramete#§. However, henceforth, in order
A (Y= 0, otherwise to make the representations concise, we will omit the explicit
] ] references t@".
andé(z) is the Kronecker delta function, In its present form, (5) is not very useful for assessing the
1. ifz=0 data fidelity of§”, due to the presence of nuisance parameters
8(z) = { ’ ) P andaf¢. In the sequel, (5) is rewritten as a function of these
0, otherwise.

nuisance parameters, and it reveals an intuitively appealing ho-

The terms on the first two lines of (4)'s RHS, correspond t&ogeneity criterion. Some additional notations are necessary:
the constraints that the elementsfoiiave to satisfy. The first < Let NV denote the number of pixels i

two terms impose the constraint that the lane markers be con-« Also let£™¢, £%, £ denote the Cartesian coordinates of
tained within the pavement region, the last two terms impose the pixels in the road, left-side and right-side regions, re-
the constraint that the lane boundaries’ curvature and orienta- spectively, andp"?, [074]%, N™¢), (1%, [%]?, N*) and
tion be precisely related to the pavement boundaries’ curvature (x™*, [¢"*]?, N™*) denote the means, variances and the
and offset via (3). The terms on the last two lines of (4)’'s RHS  numbers of pixels of the corresponding regions.
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Fig. 5. Rationale for using log-normal pdf. (a) shows a radar image overlayed with the correct positions for the left and right pavement boyn¢zriead(b
(d) show histograms of the actual radar returns for the three regions—the road, the left-side and right-side of the road. Also shown in (b), @e &ne (d)
maximum likelihood fits of the log-normal, Rayleigh, and Gaussian pdf’s to the radar return histograms.

Define These notations used to modify (5) can be expressed in terms

rd It T of the above notations

p=[pt gt ]
2

[[1d]2 [alt]Q [art]Q]T

R 1 1
(& r r p(27 - ) = H T H e
log z - log 21, - log 2y, . log 2y, ., - N (rdreL T | (rd)es \/2mo0,
108 255,000+ 75 108 2600 05 108 2R, ] .
and ~exp{ 2 [log Zrg — uw]?}
. . 20
Z1 = H Z’;"(ﬁ'
(r,¢)el _ 1 1
« Finally, letZ denote an indicator matrix defined as fol- PR 4l il
lows:
1 log 2" rd12
1,1 (1,2 I(1,3) exp —2[(,”1]2 [log 27, — 1] }
210 I(22) I(23)
1= . H
: ' NG
I(N, 1) I(N,2) I(N,3) (rves, V2rlo"]

i ; 1 . 2
whgre for every such thatl <p< N, if p belongs tgjth . exp {_2 — [log oy — ult] }
region [o"]

1, ifk=j, ke{l,23} I —
I(p, k) = . =
(. k) {o, if k45, kell 2 3. NV ol o
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_ ot In this paper, we will utilize (9) to describe the log-likelihood
- exp - [10g Zpg — I ] ; ) ) . o
2[o7t]? of radar imaging process in a Bayesian estimation scheme
1 1
= 7 (2m)N/2||diag[Za2]||1/2 logp(z"|¢") = —L"(z", 8") = ¢ (10)
- exp {—% [log 2" — IH]T [diag(Zo?)] -t where
- [log Z" — Ty } . (6) ¢" =log Z" + SN(1+log2m). (11)

Given a hypothetical shape of the pavement boundafies L”(_z", Q”_) is the effective matching part of the log-likelihood
the nuisance parametersanda, corresponding to the meansWh|le d is a consta_nt f(_)r a specified image and thus can be
and variances of the three regions, can be empirically estimaftgp!ected in the estimation process.
from the observed radar imagé by a maximum likelihood
method. Note that the likelihood is in a normal form, and so the

maximum likelihood and least squares estimate of the nuisanc®ecall that the radar likelihood evaluates the merit of a pave-

V. OPTICAL IMAGING LIKELIHOOD

parameters are equivalent ment boundary hypothesis based on how homogeneous the cor-
o responding radar returns over the corresponding left, right, and
= [ITI] It log Z" road regions are. In the case of the optical image, given a hy-

[

22 T A T (o T o g pothetical lane boundary shape, the expectation is that pixels
¢ = [I I] z (bgz Iﬁ) (bgz Iﬁ)' ) in the observed optical image on and around the hypothetical
Substituting these estimates pfand o2 back into (6), and Iane boundary will possess “lane-like” brightness features. The
taking the logarithm results in brightness features of pixels that are further away from the hy-
pothetical lane boundary are unpredictable, and hence trimmed.
log p(z"|8") = —N"?log 674 — N log 6% The o;:;;[icalllikeli?li)odhevaluates th;:_ me(rit_ of eag? hypotlh_esis in
1 Art =r 1 ) terms how lane-like the coresponding (trimmed) optical image
— N"log 6™ —log 27— ;N (1+log 2m). (8) pixels are. In this paper we use the likelihood pdfin [33], without
any modification, for evaluating the merit of a hypothetical lane
shape.
The likelihood described in [33] encodes the knowledge that
the edges of the lane should be near intensity gradients whose

sessed by the sum of the variances of the observed 'MagG ientation should be perpendicular to the lane edge. More

over the corresponding three (road, left-side, and right- e . : .

. . . specifically, given a hypothetical parameter set of underlying
side) regions. The smaller the sum of these variances, the o i ol -
better the fidelity, edgest’ = {F/, vp/, b, bz}, we assume that the likelihood

of observing the optical imagg® is given by

This result leads to the following interpretation:

Given a hypothetical pavement boundary shéhehe
fidelity of this shape to the observed radar images as-

Weighted Log-Normal Likelihood p(2°6°) = (%) L7787 (12)

Itisindicated in (8) that part of the objective is trying to maxi- oo o i or
mizelog p(="|6"), i.e., to minimizeN ™ log 67 + N log 54 + WhereL _(z , 8°) denotes an energy function amﬂQ Jis a
N"log 6™, i.e., trying to minimize the standard deviations, anaomlahzmg constant for a given optical deformation parameter
hence, variances of the three regions. However, in the radar LY
ages, it is clear that the backscatter distribution of the pavement Y 1
is virtually homogeneous while the backscatter distributions of (€)= RN (13)
the roadsides are much more complicated. Therefore, we might /G_L (=28 dze
prefer having an even smaller variance in the road region at the
price of having slightly larger variances in the roadside regions. The energy functior.?(z?, 8) can be described in the fol-

In the above method, the variances are weighted prop#Wing steps:
tionately to the number of pixels in their respective regions. * Define the Cauchy density function
In order for the standard deviation of the road?, to weigh

more heavily, in terms of its contribution to the likelihogd?* e, ) Y — (14)
) . 71+ a?z?
would have to be proportionately large. The same is true for
the other two regions as well. whereq is a pre-determined constant to control the width
In order to re-enforce ouw priori belief that road pixels tend of the Cauchy density function. It takes different values

to be homogeneous (at least compared to the pixels belonging when evaluating the contribution of the magnitude and di-
to either side of the road), and to overcome the undue influence rection of the gradient at a pixel to the likelihood. In (16)
of bright point scatterers in the roadside regions, we propose ., controls the portion of the contribution of magnitude
a function that gives the region of the road a different weight  to the energy function, which is 0.01 in our experiment;

w40 < w" < 1) from those given to the roadside regions while a4 controls the portion of the contribution of direc-
tion to the energy function, which is 1.13 in our experi-
L"(z", ") = w" N log 6"+ N" log 6" +N"* log 6™*. (9) ment.
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* Let gm(r, ¢) be the gradient magnitude at pixgl, c), Since the denominatox =", =°) is fixed by the observation,
with gd(r, ¢) being the corresponding gradient directionthe above formula can be rewntten as
Instead of the observed optical image, the gradient fea-
tures are used in the representation of the energy function.
« Define the edges of the lane in the image by the curves

|<I>>

= arg {;13255}17( 2%, 8", 0%). (20)

By the chain rule of conditional probability, we have
k/

>

Bulr.e. 69 = T, Tl —he) +op P, 2%, 07, 6°)=p(6")p(" [0 )p(°16", " p(="16°, =", 6.
/ k! . (21)
Egr(r, ¢, 6°) 2 p— +Ug(r—hz)+vp. (15) Given the road shape parameférthe lane shape parameter

6° is independent of the radar observatidni.e.,
Given these definitions, the energy function that is related to

the probability of observing an image gradient field given a set P18, 2") = p(€°187) (22)
of lane shape parametefS is and also given the lane shape paraméfetthe optical obser-
of 0 go vation z° is independent of the radar observatighand road
Lo(z%, 6°) shape parametéf’, i.e.,
= L°(gm, gd, 8°)
2°|6°%, 2", 6") = p(2°|6°). 23
_ o) J (o 0~ Bulr ) P10, 27, 67) = p(="16") (23)

Substituting (22) and (23) into (21), and then substituting (21)
X f <Oéd, Ccos <gd(7> ¢) —atan < EL (r, ¢, 8°) )) into (20), we have

= > gmlr, €) X f (am, ¢ = Er(r, ¢ 67)) b= g ma p(@)p("18")p(€"16" p(="18")
(12 C) - > o ™ s tel o
d = arg max p(8", 87)p(z"16")p(2"16°). (24)
x f <ad, cos <gd(r, ¢) — atan <d—ER(T, c, QO)>>> . {67.¢°}
.

Making use of the logarithm of the density functions, the joint
(16) :
MAP estimate turns to

—LO(ZD,QD) . . . . . R X
Thene is an ur_mormahzed I|keI|_hood functlon. I_n = arg maxlogp(z’, 2, 6)
other words, the contribution made by a pixel to this function

is the gradient magnitudey{:) at that pixel, multiplied by a = arg max {logp(e’ 0°) +logp(="16") + logp(2°|6°)}
function whose value decreases as the pixel column gets further A o "

from the lane edge (effectively the data is trimmed) and a func-= alg{glfgi} {logp(8", 87) — L"(2", 8")

tion whose value decreases as the gradient direciidnat the - of o po 0

pixel becomes less perpendicular to the tangent to the lane edge. —LoE", €7) + logy(€7) (25)

The logarithm of the optical imaging likelihood is Calculatingy(8°) is intractable, as it involves an integration
over all the realizations af° [see (13)]. We will use a relative
log p(2°16°) = —L°(2°, 6°) 4 log v(6°). (17)  weighting to compensate for neglectingg”).

VIl. EMPIRICAL MAP

Since~(8°) in (25) is intractable, it is impossible to obtain a
theoretical estimate for deformation parameédrased on (25).

Since the prior distributions of the deformation parametefde primary difficulty we met in this edge detection problem
and the imaging likelihood pdfs are available, we shall pose tisethat for the two imaging likelihood pdfs, the radar imaging
lane and pavement edge detection problem in a Bayesian frafikelihood is normalized, while the optical imaging likelihood
work. Let 2" be a realization of the radar random fiefd and is not. Instead of computing the normalizing factdf”), we

z° be a realization of the optical random fieltf. The optical turn to the empirical MAP estimate

and radar fusion detection problem can be solved by the joint

VI. JOINT MAP ESTIMATE FOR LANE AND PAVEMENT
BOUNDARIES

MAP estimate b= W ooy {logp(6", 6°) — L"(2", 8") — B - L°(2°, 8°)} .
N o (26)
0=1{0,0}=arg meaxp(Q|z”, z%) We expect the weighting factgt to play the same role as the

normalizing constany(6°).

The matching functiond.” (=", ") and L°(=°, §°) are rel-
ative rather than absolute measure. This is the root cause of
According to the Bayes' rule, we have the problem—the matching functions are of different dynamic
ranges within the parameter space of interest. Fig. 6 shows an
example of the different dynamic ranges. The dynamic range
of the radar matching function is4 x 102, while the dynamic

= arg {Iggzg}p(ﬂ”, 0°12", 2°). (18)

p(z")? Zo? Q”’? QO)
—arg max —————.
er.ecy  p(z7, 2°)

|<I>>

(19)
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Fig. 6. Differentdynamic range of the matching functions for optical and radar
images. (a) Radar matching function. (b) Vision matching function.

Fig. 8. Edge detection by fixed weight scheme.

as conjugate gradient methods. In this paper, we suggest two
techniques to find the global maximum:

A. Multi-Resolution Pseudo-Exhaustive Search

Exhaustive search can find the optimal solutions at the cost
of unacceptable computation resources in some optimization
problems. For the problem addressed in this paper, exhaustive
search is not feasible due to the large searching space. Instead,
a multi-resolution pseudo-exhaustive search method is studied.
First, we constrain the parameters in appropriate ranges. Then
we select a set of coarse step sizes (coarse grid) for the
parameters and do the pseudo-exhaustive search to find the
maximum of the joint MAP objective function (26). Once
this coarse maximum is found, the corresponding estimated
range of the optical matching functiondss x 10*. The instant parameters are taken as the center of a finer search procedure
result of the difference in dynamic ranges is that in most casegth finer step sizes (finer grid) and smaller ranges of the
the optical image dominates the joint estimate (Fig. 7). parameters. Repeat the above step until the desired parameter

In order to overcome this inherent deficiency, we scale (usingid size is reached.
the weight3) one of the matching functions so that the ranges of

variation for the weighted matching functions are approximately. Metropolis Algorithm with Geometric Annealing
the same. This fixed weigfit is empirically derived by exam- Although the multi-resolution pseudo-exhaustive search

ining the individual matching functions for a (training) set of vi-_. : ; : i
. . . . . nqwes us relatively accurate solutions, since we have six
sion and radar image pairs. Our extensive experiments seem {0

o ) . é)arameters to estimate, the search procedure is very time
indicate that? = 0.01 gives good performance for most imag : . i .
consuming (almost minutes per image pair). To accelerate the

Fig. 7. Wrong edge detection by no-weight scheme.

pairs (Fig. 8). maximization procedure, we employ a sub-optimal approach,
the Metropolis algorithm [9] with a geometric annealing
VIIl. COMPUTATION OF THEEMPIRICAL MAP ESTIMATE schedule [34], to perform this maximization,

The problem is one of obtaining the maximum in (26), which 1) Seti = 0, and initializeg® .
is equivalent to finding the mode of a six-dimensional density 2) Calculatdog P(=", 2°, Q("’)).
surface. The surface is nonconcave with many local maxima,3) Pickd at random among all the possible parameter values
hence we can not just apply the greedy search algorithms such in the neighborhood o,
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Fig. 9. Comparison of the fusion method and single sensor-based method.

4) Calculatdog P(z", 2°, é). conversely in some radar images the pavement boundaries are
i log P(=",2°,8)—log P(z", 2%, 8% not so easily discerned and extracted. Figs. 9(a) and (b) and
5) Calculatep® = exp T_“) ) Figs. 10(a) and (b) show examples of optical and radar image
whereT D = Tir(Trinat ) Timit) 5 -7 . pairs where such problems occur.
6) Update the curve deformation parameters Since multiple (radar and optical) sensors provide more
~ information and hence a more precise interpretation of the
[ if p >1 sensed environment, the performance of lane and pavement
Q(i+1) =<9 w.p. p@ if p@ < 1 boundary detection is robust and accurate. For representative
;(i) otherwise road scenes, the results obtained via independent optical and

radar edge detection algorithms are illustrated in Figs. 9(a)
7) Seti = i + 1 and go to Step 2. and (b) and Figs. 10(a) and (b), and the results with the fusion

The running time is now about 20 s per image pair. We agethod are shown in Figs. 9(c) and (d) and 10(c) and (d).

confident that by optimizing our implementation, we can ru Igt' 9t demo?hs”atet? trllgt the r-adar |mag_(te |TproveshFIheFI_ane
this algorithm in real-time. etection in the optical image in some situations, while Fig.

10 demonstrates that the optical image improves the pavement
edge detection in the radar image in other situations. Both
examples indicate that the fusion method outperforms edge
We have applied the proposed multisensor fusion methddtection independently extracted from single sensors. We also
to jointly detect the lane and pavement boundaries in regeticed that fusion does not degrade the performance of the
istered radar and optical images. We have implementediividual detection results when they are good by themselves.
the scheme described in this paper on a data set confo compare the advantage of the fusion method over the
taining 25 vision and radar image pairs. These image pasisgle sensor detection methods and to appreciate the role of
were acquired under a variety of imaging conditions (séi&elihood weighting, we undertake a large experiment. For
http://www.eecs.umich.edu/~bingm/database.pdf)  includitige database of 25 vision and radar image pairs referred to
nighttime, fog, rain, snow, etc. In some of the optical imagesarlier, we hand-picked ground truth and plot the average
the lane boundaries are not so easily discerned and extractiection errors compared to ground truth in Figs. 11 and

IX. PERFORMANCE COMPARISON
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Fig. 10. Comparison of the fusion method and single sensor-based method.
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Fig. 11. Advantage of the fusion method over single sensor-based method.

12. Fig. 11 shows the reduction in detection errors when thed pavement edges in the optical and radar images. We make
two data modalities are fused, compared to processing these of the deformable template model to globally describe
individually. Fig. 12 shows the reduction in detection errothe lane and pavement boundary shapes. This global shape
when the likelihoods are relatively weighted usifig= 0.01, model enables the method to successfully disregard extraneous
compared to when no weighting is used. edges. Likelihood models of the radar and optical imaging
processes are introduced, and the simultaneous boundary
detection problem is posed in a Bayesian framework. It is
shown that the resulting joint MAP estimate is intractable.
One of the emerging problems in intelligent vehicle andhis difficulty is overcome by a likelihood weighting scheme,
highway systems, the simultaneous detection of lane arebulting in an empirical Bayes’ estimate, which is entirely
pavement boundaries, is investigated in this paper. We emplolyactable. Experimental results are used to demonstrate that
novel Bayesian multisensor fusion technique to locate the lathés fusion method operates robustly in detecting the lane and

X. DiscussiON ANDCONCLUSION
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pavement boundaries. A comparison is made between th®4] M. Beauvais, C. Kreucher, and S. Lakshmanan, “Building world
results of this fusion method and those obtained by processing
the individual modalities separately, and also those obtained

when no likelihood weighting is used.

(15]

Although we have found the performance of the empirically
determined weight to be satisfactory, we are still interested in a
better weight selection scheme. We are currently studying the®!
role of likelihood curvatures in determining this weight. Since
likelihood curvature is intimately related to estimator variance[17]
we hope to obtain a more mathematically appealing approxima-

tion to the true joint MAP estimate in future.
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