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Abstract

This paper presents the vision-based road detection
system currently installed onto the MOB-LAB land ve-
hicle. Based on a geometrical transform and on a fast
morphological processing, the system s capable to de-
tect road markings even in extremely severe shadow

conditions on flat and structured roads. The use of

a special-purpose massively architecture (PAPRICA)
allows to achieve a processing rate of about 17 Hz.

1 Introduction

Many different vision-based road detection sys-
tems have been developed worldwide, each of them
relying on different characteristics such as different
road models (2D or 3D), acquisition devices (color
or monochrome camera), hardware systems (special-
or general-purpose, serial or parallel), and compu-
tational techniques (template matching, neural net-
works, mono or stereo vision,...).

The SCARF system [7] (tested on the NAVLAB
vehicle at Carnegie Mellon University) uses two color
cameras for a color-based image segmentation; the dif-
ferent regions are classified and a Hough-like transform
is used to vote for different binary road models. Al-
though the image resolution is reduced from 480 x 512
to 60 x 64 pixel, a high performing system (a 10 cells
Warp [9]) has been chosen to speed-up the process-
ing. SCARF, capable of detecting even unstructured
roads in slow varying illumination conditions, reaches
a processing rate of = Hz [8].

Also the VITS system (tested on the ALV vehicle,
Martin Marietta) relies on two color cameras. Tt uses
a combination of the red and blue color bands to re-
duce the artifacts caused by shadows. Information on
vehicle motion are also used to aid the segmentation
process. Tested successfully on straight, single lane
roads, it runs faster than SCARF, sacrificing general
capability for speed [24].

ALVINN [21] (tested on NAVLAB, CMU) is a neu-
ral network based 30 x 32 video retina designed to
detect unstructured roads like SCARF, but it does
not have any road model: it learns associations be-
tween visual patterns and steering wheel angles, with-
out reasoning about the road location. It has been

*This work was partially supported by Italian CNR under
the framework of the Eureka PROMETHEUS Project.

implemented on the Warp system as well, reaching a
processing rate of about 10 Hz [22].

A different neural approach has been developed at
CMU and tested on NAVLAB, too: a 256 x 256 color
image is segmented on a 16k processors MasPar MP-2
[19]. A trapezoid road model is used together with
the assumption of a constant width road. A reduced
version (128 x 128) runs at a rate of 2.5 Hz [14].

Due to the high amount of data (2 color images) and
to the complex operations involved (clustering, Hough
transform, non-linear neural functions) these systems
have been implemented on extremely powerful hard-
ware engines. Anyway, a lot of different methods have
been considered for the speed-up of the processing.

As an example, in VaMoRs (Universitat der Bun-
deswehr, Miinchen) monochrome images are processed
by custom hardware, focusing on the regions of inter-
est only [11]. These windowing techniques are sup-

ported by strong road and vehicle models' to predict
features in incoming images [10]. The use of a single
monochrome camera together with these simple road
models allows a fast processing, but unfortunately this
approach 1s not successful in shadow conditions or
when road imperfections are found [18].

Also the LANELOK system (General Motors) [15]
relies on strong models: it estimates the location of
lane boundaries with a curve fitting method [17]. Un-
fortunately the technique used to correct the shadow
artifacts [16] relies on fixed brightness thresholds
which is far from being a robust and general approach.

Conversely this paper presents a low-cost system ca-
pable of reaching real-time performances in the detec-
tion of structured roads (with painted lane markings),
and robust enough to tolerate critical shadow condi-
tions. The limitation to the analysis of structured en-
vironments allows to use simple road models, as well
as the processing of monocular monochrome images
on special-purpose hardware allows to reach high per-
formances at a low cost. The system has been tested
on the MOB-LAB land vehicle [1], taking advantage
of the critical analysis of previous approaches [3, 4].

The following section motivates the approach used,
while Sect. 3 details its theoretical basis; Sect. 4 and b

1In this case, the vehicle was driven at high speeds (up to
100 kph) on German highways, which have constant width lanes,
and where the road has specific shapes: straight, constant cur-
vature, or clothoid.



present the low- and medium-level processing for road
marking detection; Sect. 6 analyzes the results and
discusses the current evolution; finally Sect. 7 ends
the papers with some concluding remarks.

2 The Underlying Approach

Due to its intrinsic nature, low-level image process-
ing is efficiently performed on SIMD systems by means
of a massively parallel computational paradigm. Any-
way, this approach is meaningful in the case of generic
filterings (such as noise reduction, edge enhance-
ment,...), which consider the image as a mere collec-
tion of pixels, independently of their semantic content.

On the other hand, the implementation of more so-
phisticated filters requires some semantic knowledge.
As an example, let us consider the specific problem of
road markings detection. Due to the perspective effect
induced by the acquisition conditions, the road mark-
ings width changes according to their distance from
the camera. Thus, the correct detection of road mark-
ings should be based on matchings with different sized
patterns, according to the specific position within the
image. Unfortunately this differentiated low-level pro-
cessing cannot be efficiently performed on SIMD mas-
sively parallel systems, which by definition perform
the same elaboration on each pixel of the image.

In fact, the perspective effect associates different
meanings to the different image pixels, depending on
their position in the image. Conversely, after the re-
moval of the perspective effect, each pixel represents
the same portion of the road?, allowing a homoge-
neous distribution of the information among all the
image pixels; now the size and shape of the matching
template can be independent of the pixel position.

To remove the perspective effect it is necessary to
know the specific acquisition conditions (camera posi-
tion, orientation, optics,...) and the scene represented
in the image (the road, which is now assumed to be
flat), which constitutes the a-priori knowledge. The
processing can be conveniently divided into two steps:
the first, exploiting the a-priori knowledge, is a trans-
form (a non-uniform resampling similar to what hap-
pens in the human visual system [25, 26]), that gener-
ates an image in a new domain where the detection of
the features of interest 1s extremely simplified; the sec-
ond, exploiting the sensorial data, consists of a mere
low-level morphological processing. In this way it is
possible:

e to detect the road markings through an extremely
simple and fast morphological processing;

e to overcome completely the annoying problems
caused by a non uniform illumination (shadows);

e to implement efficiently the detection step on
massively parallel SIMD architectures, in order
to obtain real-time performances.

3 Removing the Perspective Effect
The procedure aimed to remove the perspective
effect reads the incoming image and resamples it,

2 A pixel in the lower part of the original images of fig. 5
represents a few cm? of the road, while a pixel in the middle of
the same images represents a few tens of cm?, or even more.

remapping each pixel toward a different position and
producing a new 2-dimensional array of pixels. The
resulting image represents a top view of the road re-
gion in front of the vehicle, as it were observed from
the top.

Two Euclidean spaces are defined:

o W= {(m, Y, z)} € E3 representing the 3D world

space (world-coordinate system), where the real

world is defined;
o7 = {(u,v)} € E? representing the 2D image

space (screen-coordinate system), where the 3D
scene is projected.

The image acquired by the camera belongs to the 7
space, while the reorganized image is defined as the
z = 0 plane of the W space (according to the assump-
tion of a flat road). Fig. 1 shows the relationships
between the two spaces W and 7.

The reorganization process projects the acquired
image onto the z = 0 plane of the 3D world space
W, acting as the dual of a ray-tracing algorithm [20].

The I space

The z=0 plane
of the W space

Figure 1: The relationship between the two coordinate
systems

3.1 Mapping the W space to the 7 space
In order to generate a 2D view of a 3D scene, the
following parameters must be specified [20]:

o viewpoint: the camera is placed in C' = (I,d, h) €
Wi

e viewing direction: the optical axis 6 is determined
by the following angles:

— 7: the angle formed by the projection (de-
fined by versor ) of the optical axis ¢ on
the plane z = 0 and the # axis (as shown in
fig. 2.a);

— 6: the angle formed by the optical axis 0 and
versor 7} (as shown in fig. 2.b);

e aperture: the camera angolar aperture is 2«;
e resolution: the camera resolution is n x n pixels.
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Figure 2: (a) the zy plane in the W space and (b)
the zn plane, assuming the Origin translated onto the
projection Cyy of C' on z = 0.

After simple algebraic and trigonometric manipu-
lations [2], the final mapping f : Z — W as a function
of u and v is given by:

z(u,v) = — h 5 X
tg |(0 —a) +u 22
X COS [(7—a)+v %]—I—l
h
y(uav) = — X
o [yt 20
X sin [(7—a)+v712—_af]+d
z = 0

| (1)
with v,v =0,1,...,n— 1.

Given the coordinates (u,v) of a generic point Q
in the 7 space, equations (1) return the coordinates
z,y,0) of the corresponding point P in the W space
see fig. 1). As an example, fig. 3.a shows a synthetic
computer-generated texture representing the z = 0
plane of the W space. Fig. 3.b presents the result of
the application of the ray-tracing-like algorithm de-
fined by equations (1), using the set of real param-
eters [23] of the camera installed on MOB-LAB and
n = 512. This transform causes an information loss,
higher in the central region of fig. 3.b (corresponding
to the top of fig. 3.a) and lower in the peripheral re-
gion of the same image (corresponding to the bottom

of fig. 3.a).

3.1.1 Mapping the 7 space to the W space

The inverse transform g : W — Z (the dual mapping)
is given as follows [2]:

v(z,y,0) - (7 - a)

u(z,y,0) = o
n—1 (2
O(x,y,0)— (0 —
oe0) = (x,y )M( )
n—1

The reorganization process defined by equations (2)
removes the perspective effect and recovers the texture

of the z = 0 plane of the W space. It consists of scan-
ning the array of pixels of coordinates (z,y,0) € W
which form the reorganized image, in order to asso-
ciate to each of them the corresponding value assumed

by the point of coordinates (u(x, ¥,0), v(x, y, 0)) erl.

Fig. 3.c shows the application of the reorganization
process (defined by equations (2)) applied to fig. 3.b.
In this case the resolution chosen (n = 128) is deter-
mined as a good trade-off between information loss
and processing time. Note that, as shown in fig. 3.c,
the lower portion of the reorganized image is unde-
fined: this is due both to the specific camera position
with respect to the z axis, and to the camera angolar
aperture.

As an example, fig. 3.e shows the effect of the re-
organization procedure applied on the original frame
shown in fig. 3.d: it is clearly visible that in this case
the road markings width is almost invariant within the
whole image.

4 The Low-Level Processing
4.1 Identifying road markings

The assumptions used in the definition of a “Road
Marking” are the following: a road marking in the
z = 0 plane of the W space (i.e. in the reorganized
image) is represented by a quasi-vertical bright line
of constant width surrounded by a dark region (the
road). Thus the pixels belonging to a road marking
have a brightness value higher than their left and right
neighbors. The detection is thus reduced to the deter-
mination of horizontal black-white-black transitions.

For each image line # = 0,1,...,n— 1, every pixel
P = (x,y,0) compares its brightness value b(z,y,0
with its left and right ones at distance m: b(z, y—m, 0
and b(xz,y + m,0), with m > 1. A new pixel value
r(z,y,0) 1s computed according to the following rule:

(b(x, ¥,0) — b(x,y — m, 0))-1—
(b(x, y,0) — b(x, y +m, 0)),
if(b(m, v, 0) > b(z,y — m, 0))&
&(b(x, y,0) > b(z,y +m, 0))

0 otherwise

r(z,y,0) =

(3)

According to equation (3),

r(z,y—m,0) =0
r(z4,0)#0 = {r(l‘,y-I-m,O):O S
The choice of m depends on the road markings width,
which is assumed to be in a known range.
Considering m = 2, the resulting image® is shown
in fig. 4.a.

3The rule described by equation (3) can be expressed in a
more compact and simple way thanks to grey-tone mathemati-
cal morphology notations [12]: the new pixel value r(z,y,0) is
given by:
d(z,y,0) —

w0y ={ §

b(z,y,0) , if d(z,y,0) > b(z,y,0)

, otherwise



Figure 3: a) The model image; b) the projection of the previous model on the T space; ¢) the result of the
reorganization procedure applied on the previous image; d) the original image; ¢) the reorganized image.

4.2 Image enhancement and binarization

Due to different illumination conditions (e.g. in
presence of shadows), the road markings may have
different brightness, yet maintaining their superiority
relationship with their horizontal neighbors. Thus a
simple threshold seldom gives a satisfactory binariza-
tion and consequently an image enhancement is re-
quired, as well as an adaptive binarization. Exploiting
the property expressed by equation (4), the left and
right neighbors of a road marking line assume a zero
value in the filtered image. Thus the execution of a
few iterations (say h) of the following rule?

max (e(i)(x +1,9,0), ez — 1,9,0),

e(i)(x,y—l— 1,0),e(i)(x,y— 1,0)),
if e((x,y,0)#0

0 otherwise

e(i+1)(x’ y,0) =

(5)
starting from e(®(z, y,0) = r(x,y, 0) generates an en-
hanced image, as shown in fig. 4.b (with h = 8).

The binarization is performed by means of an adap-
tive threshold:

0 otherwise

. m(x,y,0
t(l‘,y, 0) = { ! lf e(h)(x’y’ 0) Z % ’ (6)

where m(z,y,0) is the maximum value computed in
a given ¢ X ¢ neighborhood, and & is a constant. The
result of the binarization of fig. 4.b, considering k& = 2
and ¢ = 11, is presented in fig. 4.c.

Fig. 4.d shows the representation in the 7 space of
the binarized result of fig. 4.c, while fig. 4.e presents
its final superimposition onto the original image. The
high quantization visible in the lower region of these
images is the effect of the choice of a medium resolu-
tion (128 x 128) for the reorganized image.

where d(z,y,0) is defined as the grey-tone dilation [12] of the
original brightness image by the following binary structuring
clement: [+ o] T¢] .

*Note that equation (5) can be efficiently expressed as a di-
°
lation with the following binary structuring element |[e[fe]e
°

contextualized (see [13]) to the state of the central pixel.

5 The Medium-Level Processing

The medium-level processing is reduced to the de-
termination of the best concatenations of the pixels
representing road markings. This is done by means
of a serial scanning of the image: first an histogram
is computed in the lower region of the binary image,
and a threshold is applied; then, starting from the
over-threshold positions, a neighborhood search is per-
formed, keeping track of the search direction. Where
no black neighbors are found (namely a gap in the
road boundary is met) the search is continued in the
previously determined direction, according to the best
continuation Gestalt principle. The result is then com-
pared to the position of road markings in normal con-
ditions (vehicle in the center of the right lane) and the
difference is then used to warn the driver in dangerous
situations.

Due to the high effectiveness of the low-level pro-
cessing and to the high correlation between two sub-
sequent frames in a sequence (thanks to the fast pro-
cessing), the medium-level step is extremely fast; it
is performed in pipeline by a sequential architecture
during the low-level processing of the following frame.
This system is currently integrated on the MOB-LAB
land vehicle, and has been proven to be effective in a
number of different road conditions running at about
50 kph on very narrow rural roads.

6 Performance Analysis and Current

Evolution

The discussed algorithm has been integrated on PA-
PRICA [5, 6] massively parallel architecture featuring
an hardware extension for the efficient removal of the
perspective effect (based on a look-up table). Table 1
presents the performance of the current implementa-
tion: the complete acquisition and processing of a sin-
gle frame takes less than 55 ms, thus allowing the pro-
cessing of about 17 frames per second.

Beside being easily implementable on any SIMD
massively parallel processor based on a morphologi-
cal computational paradigm, the presented approach
is extremely robust with respect to the noise caused
by sunny blobs on shaded roads. Fig. b presents a
few results of the processing of images acquired under

different conditions®.

5A couple of sequences in MPEG format (200 and 1000
frames respectively) are available in http://WWW.CE.UniPR.IT/
computer vision/applications.html, showing lane detection
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Figure 4: a) The filtered image; b) the enhanced image; ¢) the binarized image; d) the projection of the previous
result on the 7 space; e) the superimposition of the previous image onto the original one.

Figure 5: Top: original images acquired from MOB-LAB vehicle; Bottom: the superimposition of the results of
road markings detection onto brighter versions of the original images (images taken during the demonstration of
the MOB-LAB vehicle at the final meeting of the PROMETHEUS project, Mortefontaine track, Paris, Oct. 94).

Operation Time
Tmage acquisition (512 x 256) 20 ms
Perspective effect removal (128 x 128) 2.8 ms
Low-level processing (128 x 128) 30 ms
Medium-level processing (128 x 128) | in pipeline
Warnings to the driver negligible

Table 1: Timings on PAPRICA system

Unfortunately this approach relies on the implicit
assumption of wistble road markings, namely when no
obstacles are on the path. The worst case is repre-
sented by a white vehicle on the right lane, since it in-
duces black-white-black transitions in the reorganized
image that are erroneously identified as road mark-
ings. This problem can be solved by the application
of the mentioned approach to a couple of stereo im-
ages (see fig. 6). The independent detection of the
road markings on both images would be disturbed by

in particularly challenging conditions. It is possible to note
that the vehicle’s pitch does not disturb the processing even if
the reorganized image represents a very large road area in front
of the vehicle (up to 40 meters).

the presence of vehicles. Conversely, the fusion of the
two results (obtained with a simple logical intersec-
tion, thanks to the calibration of the two image reorga-
nization processes) improves and makes more reliable
the detection (see fig. 6.g.) In this case the problems
of stereo vision are then easily solved by the low-level
portion of the processing, thus reaching a high com-
putational efficiency.

Moreover, since on a flat road the two reorganized
images are identical, as soon as an obstacle is ap-
proached the two reorganized images differ. The dif-
ference image can be used for obstacle detection (see

fig. 6.1).

7 Conclusion

This paper presented an approach to real-time road
detection, working on flat roads with painted road
markings. It has been demonstrated to be robust with
respect to extremely critical shadow conditions and
global illumination changes; an extension to obstacle
detection is now under evaluation.

It has been implemented on the special-purpose and
low-cost massively parallel system PAPRICA and in-
tegrated onto the MOB-LAB land vehicle, reaching a
processing rate of about 17 Hz.
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Figure 6: a) left image; b) right image; ¢) left reorganized image; d) right reorganized image; €) left binarized
image; f) right binarized image; g) logical intersection between e and f; h) superimposition of the result onto the
original image; ) difference between images ¢ and d, used for obstacle detection.
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