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Correspondence

Parallel and Local Feature Extraction: A
Real-Time Approach to Road Boundary Detection

Alberto Broggi

Abstract— This work presents a system for the extraction of road
boundaries from an image taken in an out-of-town environment. In
this application, computational speed and performance play a funda-
mental role in the selection of the hardware platform and the design
of algorithms. The algorithm has been d d to be impl on
a special-purpose mesh-connected SIMD architecture, PAPRICA, which
will be fitted to the vehicle. This presentation focuses on the algorithms
and in particular on processing speed.
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I. INTRODUCTION

A great deal of work has recently been addressed to the problem of
automated navigation and the integration of many different sensors
on a vehicle. This work focuses on the use of a passive sensor, such
as a camera, to acquire images of the road path, and to derive visual
information about the scene.

For this purpose, two approaches have been considered and devel-
oped in our laboratory. They are based respectively on optical flow
field computation for the detection of obstacles and the determination
of their time-to-impact, and on the identification of road boundaries
for the detection and tracking of lane position. Since both of these
approaches are computationally intensive and must be applied in a
real-time environment, their execution imposes intrinsic limitations
on vehicle speed. In the first case this problem has been dealt with by
using a self-tuning algorithm [1], which automatically reconfigures its
parameters according to vehicle speed. However, in the case of road
boundary identification, the complex algorithm described in this work
is executed only once every few frames, while the intermediate frames
are processed through a different and simpler tracking algorithm [5].

To cope with both the high throughput needed for low-level image
processing and the constraints imposed by a real-time response, a
special-purpose parallel architecture, (PAPRICA [6], [4], [12]) is
used. PAPRICA is a massively parallel SIMD architecture which has
been designed as a specialized coprocessor to be attached to a general
purpose host workstation. In the present implementation PAPRICA
is composed of 256 single-bit processing elements (PE’s), each one
with full 8-neighbor connectivity. The block diagram of the complete
vision system is shown in Fig. 1. The use of PAPRICA special-
purpose architecture is due to the specific set of features needed
for the two real-time tasks mentioned above. These include easy
programmability of the applications, the possibility of rearranging
run-time the image parameters to simulate a pyramidal architecture,
and the scalability of the system. Other architectures with the same
characteristics and a morphology-based computational paradigm [16]
could also fulfill the requirements for this kind of application.
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This correspondence is organized as follows: Section II gives an
overview of the whole system; Section III addresses the problem of
real-time edge detection; Section IV discusses the feature extraction
approach from a theoretical point of view and presents the actual im-
plementation. Finally, Sections V and VI present some performance
analysis together with concluding remarks.

II. SYSTEM OVERVIEW

The feature extraction algorithm described in this correspondence is
based on a set of classical filters, including clustering, edge detection,
correlation, and morphological filters. Since the main goal of this
work is to achieve real-time performance, traditional implementation
of these filters requires a speed improvement.

Referring to Fig. 2, the input image comes directly from the
digitizer device, and consists of a 256 x 256 array of 8 bit values
(256 grey levels). The features to be extracted (road boundaries)
are present in the original image as straight lines determined by
high brightness discontinuities and pointing toward a special point
in the image (focus of expansion, FOE). In order to extract such
information, the following filtering sequence is used: a) Extract the
brightness discontinuities; b) retain only the straight lines that point
toward the FOE; and c) discard the short segments, usually generated
by noisy features.

As shown in Fig. 2, step (a) can be accomplished by preliminary
clustering, followed by gradient-based filtering to detect the image
edges, and then thresholding and thinning to obtain a final binary
image containing segments with single-pixel width. Step (b) in Fig. 2
is accomplished by the determination of the local curvature of the
lines, followed by a thresholding operation in order to preserve
only the straight lines. The feature extraction algorithm is obtained
through correlation with a synthetic image which encodes the knowl-
edge about the position of the FOE. Step (c) in Fig. 2 consists of
morphological filters for the final filtering of noisy details.

III. EXTRACTION OF BRIGHTNESS DISCONTINUITIES

Many algorithms for edge extraction are proposed in the literature,
each with different features.

For example, the well-known Canny [7] algorithm gives good
results, but requires the computation of two derivatives, a convolution
with a Gaussian mask, a gradient computation, and thresholding
and thinning filterings. These operations are not suitable for imple-
mentation on massively parallel architectures with extremely simple
single-bit PE’s.

The iterative Bayesian approach [3], [10], [14] tends to maximize
the a posteriori probability following a set of hypothesis. Even its
simpler implementation (weak membrane [11]), based on the weak
continuity assumption, needs a lot of floating point computations.
This approach is thus not suitable for real-time applications.

On the other hand, the mere application of a convolution with a 3
X 3 kernel and a threshold would achieve high performance in terms
of speed, but would be too sensitive to noise and to the threshold
value itself.

The next subsection presents a clustering algorithm, derived from
Gaussian filtering, which greatly improves performance and needs
few iterations on integer data. Successive application of the 3 X 3
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Fig. 1. Block diagram of the on-board vision system: PAPRICA preprocesses the incoming images with local and massively parallel computations; the
results, which may be displayed on an on-board monitor, are then fed to a serial computer (PAPRICA host computer) for higher-level processing. The
host computer can then warn the driver through special output devices; furthermore, it can generate some feedback signals to modify the parameters of

the camera and the behavior of the set of low-level filters.
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Fig. 2. Block diagram of PAPRICA low-level processing.

filter mentioned above would now produce better and more significant
results, thanks to the previous strong clustering.

A. The Clustering Algorithm

This algorithm is a revision of the adaptive smoothing algorithm
[171, [9], known also as anisotropic diffusion [15]: It substitutes a
fixed threshold with a function of neighborhood, in order to enhance
also weak and isolated intensity discontinuities. Let us define I" (. y)
as the luminance intensity of the pixel at coordinates (x,y) and
iteration number n, belonging to image I; the value 1"+ (x.y) is
computed as follows:

In+l(l_. ¥)
N Zf:]_lzg_lf"(.r +iy+j)xuwy (e +iy+j)

CaX ety +))
gt
withw} ,(u,v) 2, 2K )

where w} ,(u,v) represents the weight of the pixel at coordinates
(u,v) at iteration number n when computing the new value of
I{x.y), and is a function of the gradient magnitude ¢" (v, v). In
its original formulation, the definition of w (independent of & and

y) comprises constant parameter I\’ (equivalent to ¢ in Gaussian
smoothing [7]), which fixes the discontinuities to be preserved;
parameter 1 essentially acts as a fixed threshold. The revision of
this algorithm eliminates the lack of dependence of threshold /i on
the neighborhood. Thus, w ,(u,v) is here defined as:

wy ,(u.v)
gt P
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Parameter M measures the deviation from the classical average filter
(M — ~c): the lower the value of M, the higher the ratio between
weights wy (x4, y+j), withi,j = -1, 0, +1. Fig. 3(a)~(b) shows
the application of the original algorithm, while Fig. 3(c) presents the
result obtained by the proposed revision.

B. A Real-Time-Oriented Approach

The computation of nine exponential values for each pixel is time-
consuming and is not easy to implement on the extremely simple
PE’s of massively parallel architectures. An approximation is thus
needed in order to make the algorithm more suitable for real-time
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Fig. 3. i) Brightness distribution over a linear image profile with 3 edges (with respective strength 20, 100, and 50) and with additive white Gaussian noise
(6 =2, p = 0, and magnitude A = 3); i3) filtered output; iii) output gradient magnitude. (a) Application of the original algorithm (with threshold K equal
to 3): the high threshold clearly detects only two of the three edges, and smooths out the third; (b) application of the original algorithm (with threshold K
equal to 0.5): K has been made small enough to detect the first weak edge, but now the algorithm also identifies as edges the ascending and descending
ramps of the other two edges, decreasing their strength; (c) application of the proposed clustering algorithm, with the parameter M equal to 0.35: since the
filter also retains the weak edges, in the regions a long way from the real edges, the output gradient is not as uniform as before, but in this case a small

threshold will enable the detection of all three edges; (d) the result obtained by the approximation of (5).

processing. The definition of w can be rewritten as:

__12_ gn(iz"Lv)
w:,y(u,v) =e€ i,j=—1,0,41

(3)

The value inside the modulus can assume values in the range [0+1],
thus the argument of the exponential can range from O to ik
Therefore the greater the value of M, the shorter the exponential
argument range interval, and thus the more successful (sharper) the
approximation of w with a polynomial expression. Unfortunately,
the greater the value of M, the less effective this kind of filtering
becomes, becoming closer to the classical fixed weight average filter.
Experimental tests have shown that M = 0.3 + 0.4 represents a
good trade-off, and w can be efficiently approximated by a first order
polynomial expression:
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Moreover, since w represents a weight, it can be multiplied by an

arbitrary factor f; using f = 1/ max o gz +iy+7), @
,3=—10,

becomes
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Fig. 3(d) shows the application of (5): the gradient function has the
same profile as in Fig. 3(c).

The approximation due to the application of (5) instead of (2) is
mainly restricted to the first few iterations, when the clusters begin
to appear and the argument of the modulus in (3) is almost equally
distributed in the range [0 <+ 1]; however, in subsequent iterations,
it will be polarized around O or 1, and the approximation error will
be smaller. Fig. 4(a)-(b) shows the original and the smoothed image,
respectively.

C. Fast Edge Detection

Since the image obtained so far consists of a set of almost disjointed
clusters with well-marked borders, an approximated version of a
gradient-based filter, such as an extremely simple convolution with
a 3 x 3 fixed kemnel, is sufficient to determine the image edges
(Fig. 4(c)). This step is followed by a binarization (Fig. 4(d)), and
by a thinning [2] or a non-maximum-suppress [7] algorithm to
decrease line thickness. It is important to note that the thresholded

image needs few thinning iterations, since it was obtained from a
clusterized image, which, by definition, contains only thin brightness
discontinuities. Fig. 4(e) shows the final result.

IV. PARALLEL AND LOCAL FEATURE EXTRACTION

Owing to the specific hardware architecture used, the feature
extraction algorithm must be based only on local computations.
Ideally, each pixel determines if it belongs to the feature or not,
i.e., it measures the significance of the information contained in its
neighborhood with respect to the local properties of the feature. A
function f is first used to assign a descriptive state D(x,y) to each
pixel p(z,y), using the luminance values I(u,v) of pixels p(u.v)
belonging to its neighborhood N y:

D(x,y) = f(I(u,v) s p(u,v) € A’J.,y) ©6)

A characteristics state C(x, y) is also assigned to each pixel p(x,y),
applying the same function f to a neighborhood configuration where
the image brightness I'(u,v) corresponds to the presence of the
feature of interest:

C(r,y):f(I'(u,v):p(u,v) E]\"l,y). (@)

From a computational point of view, (7) is of no practical use, since
the specification of all the possible configurations of I "(u,v) is not
feasible. Thus, another form is used:

C(;zr,y):g(;r.y,H) ®)

where H is a set of hypotheses which completely define the feature
of interest. Function g is such that it returns the same values that
would be obtained by f in (7).

States D and C are then compared and the pixel significance (with
respect to the feature of interest) is encoded in a significance state
S(z,y), which measures the distance between D and C:

S(.y) = ||[Pte.w) ~Ctay)|| ©)

The determination of f and g, and the choice of set H, are the main
points in the definition of the feature extraction algorithm.
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Fig. 4. An example of a complete processing, showing the whole sequence of intermediate results.

A. Identifying Road Boundaries

In this specific case, the hypothesis used to define states D and C
is that the incoming images are acquired by a camera mounted on
the front of a car. In this case, the road boundaries can be defined
as the two straight lines starting from the bottom of the image and
pointing to the FOE.

Each edge pixel is thus labeled with two 8-bit values representing
the local direction d and the local curvature c of the line to which
the pixel belongs. In the continuous case it is:

and

(10

1
P)2 lim —
o(P) P'IBIPR

where symbols P(x,y), P'(2'.y'), and R refer to Fig. 5(a). Given
the high discretization errors obtained in the analysis of a small neigh-
borhood (which corresponds to the llimP), neighborhood dimensions

(generally 3 x 3) should be increased in order to obtain higher
precision. Unfortunately, the more extended the neighborhood (that is,
the higher the distance between P and P'), the greater the difference
between the actual result and the theoretical one, in which P and
P’ should be infinitely close. Experimental studies [8], [18] have
derived the value of 11 x 11 as a good trade-off for the dimension
of the neighborhood to be analyzed. Therefore, calling P! =
])(.Z’(l). y(l) ). P2 = 1)(.1'(2). y(2) e P = I)(_l,("). y(")) the
sequence of n edge pixels, following the hypothesis of an 11 x
11 neighborhood, and assuming > 5 and i < n — 5, dA(PYY and
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Fig. 4. (continued)

C(P(’)) can be obtained as follows:
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as shown in Fig. 5(b). Since each pixel can access its 8 neighbors,

)

5 iterations are needed to collect information about its 11 x 11
neighborhood, or, in this case, about the line morphology along
an 11-step-long monodimensional neighborhood. Fig. 4(f) maps the
local curvature, stored in each edge pixel, with a proportional
brightness value. The information about the curvature is now used
to discard the pixels not belonging to a straight line through a
thresholding operation. The result of the threshold is shown in
Fig. 4(g).

The direction field d(x,y), assigned to each preserved pixel, is
thus identified by its descriptive state D(x,y). Fig. 4(h) shows a
representation of D, where the brightness intensity is proportional to
the direction. The characteristic state C(x,y) is defined here as the
slope of the geometrical line connecting pixel p(x,y) to the FOE,
indicated as p{&FoE, YFOE):
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Fig. 4. (continued)
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C(x.y) = arctg (12)
Fig. 4(i) shows a representation of C, where the brightness intensity
is proportional to the slope. Since the synthetic image (the set of
C(x.y)) depends on only two parameters (rror and yrog), it can be
generated and stored in the host memory. The computation of C is
thus reduced to a simple loading from memory.

Significative state S is thus computed as the distance between C
and D, and the result, shown in Fig. 4(j), is then thresholded to a
medium value, as depicted in Fig. 4(k), to preserve the lines pointing
close to the FOE. This includes the case in which car speed has a
component perpendicular to the road boundaries. A hysteresis process
would reduce processing speed and produce results similar to the ones

®

obtained with a mere threshold. The final step of the elaboration is to
eliminate segments shorter than a given threshold ¢. The final image
is presented in Fig. 4(l).

V. PERFORMANCE ANALYSIS

In order to evaluate the performance of the implementation of the
presented algorithm on PAPRICA architecture, computational com-
plexity and communication usage must be measured for each step.
The dimension of the neighborhood involved in the computations
is the main performance index for computational speed, because the
quantity of I/O required by computation increases with the cardinality
of the neighborhoods [4].
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as an effort to improve the performance of some well-known basic
filters such as image clustering, edge detection, and curvature and
direction extraction, toward a real-time implementation.

As already mentioned, the algorithm presented can achieve good
performance in terms of output quality, but is somewhat time-
consuming, and thus cannot be applied to every frame of the
sequence. To cope with this real-time constraint, a simpler tracking
algorithm [5), based on the high correlation between two subsequent
(a) frames, is currently being tested.

P(i+5)
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VI. CONCLUSIONS

This correspondence has discussed a fast and highly parallelizable
approach to feature extraction. The contribution of this work is not
restricted to the feature extraction algorithm itself, but can be seen



