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Abstract

This paper presents two approaches to the estimation of
pavement surface roughness from range data using profile
tortuosity and fractal lacunarity. Estimations are performed
on high frequency data components issued from pavements
details. Based on the scale ratio of the distinct physical
structures which composed the road surface, high frequency
components are first recovered using a multiresolution de-
composition. A Fisher-measure classification scheme is
then employed to segment the pavement surface into regions
of distinct roughness. The result is finally a segmented map
of the road into sections of distinct qualitative roughness.

1 Introduction

Automated pavement surveying is becoming an important
preoccupation of highway administration. To maintain cur-
rent information about the spatial distribution of pavement
quality of road networks, high-tech companies are now of-
fering equipment for automated pavement data collection
and processing. Some researchers [1, 2] have developed as-
phalt classification methods based upon optical images of
the pavement. These methods do not, however, allow es-
timation of a high-resolution roughness characteristics. In
this paper, we use telemetric data collected with a vehicle-
mounted laser range-finder to measure pavement roughness.
The vehicle developed by the firm GIE Technologies Inc.
[4], uses bi-iris laser range-finders originally developed by
the National Research Council of Canada [3]. At a vehi-
cle speed of 60 km/h, each range-finder acquires road sur-
face profiles separated by a 10 cm distance and consisting of
256 range values across a 90 cm road transversal distance.
- The profiles are referenced along the vehicle’s path using
GPS, odometric, and inertia data. Figures 1(a) and 1(b) il-
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lustrate the data collection process. The collected data con-
sists of estimated distances between a sensor and the pave-
ment surface. Since the geometry of the road surface and the
spatial attitude of the vehicle are unknown, these elements
cannot be completely separated. However, a multiresolution
decomposition [6, 5] of the collected data is able to sepa-
rate the low-frequency surface component resulting from the
combination of the vehicle’s attitude and of the road surface
global geometry, from the high-frequency details associated
with the pavement’s texture. An example of this separation
is shown in Figure 2. The surface data resulting from this
separation process is characterized by a 3mm transversal
resolution and a 10 cm longitudinal resolution.

Camera

Laser

(2) ata acquisition principle.

(b) xample of collected range data.

Figure 1: Surface data collection.



To estimate the global and the local surface roughness,
we introduce two types of measures, namely tortuosity and
lacunarity. Measurements are, then, segmented to yield sec-
tions of pavement of distinct surface roughness indexed with
odometric information.

This paper is organized as follows. Section 2 describes
the Wavelet-based decomposition in order to extract the
high-frequency component of the range data. Tortuosity and
the lacunarity measures to charaterize the pavement rough-
ness are described in Section 3. Section 4 presents a segmen-
tation method based upon the Fisher classification method
[7] to cluster the measures. Concluding remarks appear in
Section 5.
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(a) Raw data. (b) igh-frequency component.

Figure 2: Example of range profile.

2 Roughness enhancement

2.1 Range data Wavelet transformation

The collected range-value profiles are, first, concatenated as
shown in Figure 3. Low-frequency range variations result
from the combined effects of sensor motion (including vi-
brations) and road geometry. This signal should therefore
not be misunderstood as a reconstruction of the pavement’s
surface. However, the high density of data guarantees the
preservation of local pavement granular properties. Each
profile is modeled as the combination of a large-scale, piece-
wise smooth function with high-frequency details resulting
from the pavement texture. The use of a multiresolution de-
composition on an orthogonal wavelet basis allows the sepa-
ration of these non-correlated physical structures, where the
choice of the decomposition level is constrained by the scale
ratio of the signal’s components.

Since its introduction [6], the multiresolution decompo-
sition has proved to be a particularly efficient tool for an-
alyzing the information content of a signal. Wavelets are
families of functions W, ,(z) generated by dilatation s and
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Figure 3: Example of raw data.

translation ¢ from the mother wavelet ¥(z) :

1 x—1
W)= s U (
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Setting s = 2™ and ¢ = n, we get the useful dyadic formu-
lation :

U, o(x) = 27™/29(27™(z — n)), @

where m is the scale parameter and n is the translation in-
dex. The 1-D discrete transform W (m, n) is defined as the
inner product
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W(m,n) = / f(@) ¥y-m(z —n)dz. 3
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Finite length 1-D signal requires finite decomposition us-

ing, at the lower bound of the scale index m = M — 1, the

smoothed version of the signal S(M,n) defined as:
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where @ defines the scaling function. Finally, a complete
length N representation of a function f(x) is given by:

om

M M
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where ‘Il;n’,”(m) is the dual basis of W, n(z) [5]. Since
pavement profiles are only composed of 256 points, we use
wavelets defined on a short support. A low-order approx-
imation of the low-frequency signal is enough to properly
describe its geometry. The separation between low- and
high-frequency components can be performed using a few
levels of decompositions, that is, a small value of M, since
the scale ratio between the signal and its detail space is large.
The high-frequency component is then determined by ignor-
ing the coarse scale approximation S(M,n).

2.2 The Haar wavelet.

The Haar function 4 and its scale function ¢ [8], are defined
by (see Figure 4)

e
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(a) aar function. (b) Scale function.

Figure 4: Haar wavelet.

A family of dilatation and translation, applied to this
function, generates an orthogonal wavelet basis. Using
eight decomposition levels, the high-frequency component
of the data can be separated from a 3 cm piecewise-constant
approximation of the profile defined by 32 coefficients at
the coarse scale representation. An example of reconstruc-
tion of this high-frequency component is illustrated in Fig-
ure 5. This example illustrates the elimination of the low-
frequency component. We notice a transition of the pave-

.~ ment roughness from a smooth surface to granular surface
going from left to right. The presence of two regions of dis-
tinctly different roughness natures can be visually detected
on the left third and the remainder of the surface respec-
tively.
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Figure 5: High-frequency component reconstruction for im-
age of Figure 3 (Haar wavelet basis).

2.3 Daubechies wavelets

The orthogonal second-order Daubechies wavelets [9] illus-
trated in Figure 6 are defined on a short support and allows
a better approximation of the profile’s coarse scale. More-
over, their orthogonality to polynomial bases ensures a good
separation of the singularities of higher order from the low-
frequency component of the profiles.

Figure 6: Daubechies wavelet and scale function.

As before, we use an 8-level decomposition. Figure 7
shows the high-frequency component obtained. Although
the results seem close to those obtained with a Haar trans-



form, the Daubechies decomposition suffers less in general
from the presence of artefacts, since it yields a better ap-
proximation of each profile’s geometry.

Figure 7: High-frequency component reconstruction for the
image of Figure 3 (Daubechies wavelet basis).

3 Roughness estimation

‘We introduce two methods to compute a roughness index of
the local pavement surface. The first one uses each range
data profile independently; the second one uses their spatial
concatenation.

3.1 Tortuosity measure

The tortuosity measure, well known in medical applications
[10], characterizes the complexity of a path between two
points. The simplest way to compute the tortuosity measure
is the ratio of the shortest distance between two points and
the euclidian length of the path (6) as illustrated in Figure 8:

s _l4BI
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T

(6)

Applying the tortuosity measure to the profiles collected
along the road segment, we expect a high tortuosity value
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Figure 8: Tortuous paths.

for the complexe signal generated by a granular pavement
condition, against a low value for a smooth section. Fig-
ure 9 illustrates the tortuosity values obtained with to the
image of Figure 7. We observe a large variation of the mea-
sure through a transition region located approximatively one
third from the left of the image of the pavement texture.This
method, however, does not provide a well localized measure
of roughness due to its inherent ambiguity. Indeed, a tor-
tuous path of small amplitude and a smooth path of a high
amplitude yield similar tortuosity measures. This problem
frequently appears when the path length is not large enough
to properly describe the signal behaviour.
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Figure 9: Tortuosity values for image of Figure 7.

3.2 Local lacunarity measure

In this section, we consider the 2-D signal composed from
the concatenation of transversal profiles. Relative to the lon-
gitudinal (i.e. profile) sampling rate, we assume the piece-




wise continuity of the roughness characteristics of the pave-
ment. The fractal dimension D [1 1] has been extensively
used in segmentation texture analysis [12, 13]. Fractal-
based segmentation methods, however, are time-consuming
and need sufficiently distinct texture classes to be efficient.
Moreover, the fractal dimension does not uniquely define a
fractal object [15]. We introduce the lacunarity measure in
7, for a precise discrimination of fractal sets [11, 16, 13].
The choice of this attribute is motivated by the observation
that lacunarity is a good estimate of our intuitive notion of
surface roughness [13, 14]. Moreover, the implementation
of lacunarity is easily derived from a straightforward box-
counting fixed-dimension algorithm [17, 18]. The lacunarity

is defined as :
o
o ) >

N N
M(L)= > mP(m,L), M*(L) = > m?P(m, L)
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However, to better adapt estimation to small neighbour-
hoods, we prefer the following lacunarity formulation [13] :

a M(L)- N(L) v
AL) £ M) TN’ N(L)= Y (1/m)P(m,L).

m=1

®
Figure 10 gives a first illustration of the discriminating
power of the lacunarity measure. This calculation was per-
formed on a set of synthetic textures whose signal power is
teduced by a factor 10 from one class to another. We thus
observe a 30 % increase of the lacunarity value with the tex-
ture smoothness. Indeed, lacunarity deals with the size of
the holes of the fractal set. If the fractal object is composed
of large gaps, its lacunarity is high. In contrast, the lacu-
narity is low if the fractal set is almost smooth. On an ele-
vation surface composed of smooth and rough sections, one
can expect low lacunarity values in smooth sections against

high lacunarity values in granular sections.
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Figure 10: Example of lacunarity values for synthetic data.

354

Figure 11 illustrates the results of the lacunarity estima-
tion performed on a 12 x 12 neighbourhoods for the image in
Figure 7. We clearly notice the presence of the two sections
previously discussed. Despite the large size of the estima-
tion neighbourhood, the separation border is still precisely
located.
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Figure 11: Lacunarity values for image of Figure 7.

4 Classification

The same mono-dimensional clustering technique is used
here with the tortuosity and the lacunarity measure. Since
we are looking for two local pavement qualities, we use a
simple global threshold to segment the roughness values.
The threshold is computed using a Fisher method [7], i.e.
minimizing the sum inertias within two clusters :

2
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where s is a threshold, S, is the optimal threshold, h(k) is
the value of a variable histogram at index k, and Cn=1,2
refers to the classes corresponding to threshold s. The



threshold is therefore computed on the normalized his-
togram of a learning set of tortuosity values then, on the
normalized histogram of a learning set of lacunarity values.

The segmentation result in the case of tortuosity is pre-
sented on Figure 12(a). The smooth section, in white, is
isolated from the coarse roughness surface, in black. Fig-
ure 12(b) shows at the same time the lacunarity segmenta-
tion results. The same separation is provided, but the border
is deviated due to the use of a local neighbourhood in the es-
timation process. It must be noted that the exact shape of the
sections does not necessarily correspond to the reality on the
road as we are observing the surface from the local frame of
the camera. However, the linear positioning of each profile
along the sensor’s path indicates the start and end of each
road section.

(a) based on tortuosity

(b) based on lacunarity

Figure 12: Roughness segmentation.

The main advantage of the lacunarity measure over the
tortuosity measure lies in its capability to accurately dis-
criminate between local areas of different roughness char-
acteristics as shown in Figure 13.
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Figure 13: Well localized behavior of lacunarity measure.

5 Conclusions

In this paper we have proposed two segmentation methods
to identify pavement sections of distinct roughness charac-
teristics from sequences of range data. Both methods rely on
prior decomposition of the range data using the second order
Daubechies wavelet transform to extract the high-frequency
component related to the pavement texture. Our two ap-
proaches differ in the next step, which is the computation of
aroughness index for the high frequency component. In the
first approach that we presented, the complexity of each pro-
file is characterized using a tortuosity measure. We showed
that this method provides an easy way of obtaining a ro-
bust segmentation but does not yield a well-localized esti-
mation of the roughness. Next, we proposed a second ap-
proach that uses local mass distribution, estimated with the
fractal lacunarity measure, as a roughness index leading to a
better-localized segmentation. In the last step of our process,
we showed how the segmentation of the data into classes of
rough and smooth surfaces can by performed by application
of a Fisher-measure clustering method to our roughness es-
timates. Finally, we presented experimental results for both
methods with real road surface data.
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