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Road maintenance is an important task that ensures the availability and correct function of the road infra-
structure. This work presents a methodology that, first, offers an empirical radiometric analysis of the Velodyne
VLP-32C laser scanner. Second, it defines a road marking degradation model that estimates the coefficient of
retroreflected luminance (night visibility, R;) using the intensity attribute of 3D point clouds acquired with this
low-cost system. This model is validated and applied to a case study road section of about 6 km in length, where a

continuous degradation map is defined together with data to assist decision-making for preventive and corrective
maintenance. This validation shows that the proposed method is capable of offering good qualitative visuali-
zations of the degradation status of the road markings, as well as detecting those areas with high degradation
(Ry< 100 med/m?/1x) that require corrective maintenance.

1. Introduction

Transport infrastructure is a key asset in our society, and a crucial
sector of the economy. According to data from the European Commis-
sion [1], the transport and storage services sector accounts for about 5%
of total gross value added (GVA) in the EU-27 in 2019, employing
around 10.5 million persons, a 5.4% of the total workforce. In Spain,
according to the Ministry of Transportation, Mobility, and Urban
Agenda, the road network has 165,445 km, of which 17,377 km are
high-capacity roads. Proper maintenance of such a large infrastructure is
becoming a great challenge, since investment and maintenance budgets
are typically subjected to the economic climate and political decisions.
In Spain, the maintenance budget reached a minimum in 2018 (786
million €) under a context of an infrastructure conservation deficit. This
negative trend is being slowly corrected, and the budget in 2022 has
been increased to 1.371 million €, which sets a historical maximum for
road maintenance. The development and integration in the market of
remote sensing surveying technologies and equipment are slowly shift-
ing the concept of infrastructure maintenance.

A well-established remote sensing technology that can be used to
improve road maintenance activities is laser scanning. This technology
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can be employed to scan the environment from a static position
(Terrestrial laser scanner — TLS -) or in an airborne setting, embedded in
a drone or aircraft (aerial laser scanner — ALS -), but the proper setting
for road inspection and maintenance comes from the integration of this
technology in terrestrial vehicles. When it is part of a system that in-
tegrates positioning sensors (Global Navigational Satellite System —
GNSS and Inertial Measurement Unit — IMU) and, optionally, other
sensors (photographic or even thermographic cameras), it is usually
called Mobile Mapping System (MMS) or Mobile LiDAR System (MLS).
There are several reviews partially or totally dedicated to methods and
applications of MMS/MLS data for road infrastructure [2-6] that illus-
trate the versatility and the capabilities of this technology. In essence, a
MMS/MLS can acquire precise, three-dimensional (3D) representations
of the surveyed infrastructure in the form of metric point clouds.
Although initially unstructured and with no topological relation among
its points, the large amount of geometric and radiometric data that can
be collected in a 3D point cloud (up to millions of points per second),
enables the development of a wide range of infrastructure inspection,
inventory, and maintenance applications. Some relevant and recent
examples in the literature show the capabilities of this technology for
detecting the road platform and its layout [7-9], pole-like objects [10],
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guardrails [11] or power lines [12], among others.

Given the objectives of this work, applications related with road
markings are of special relevance. Detecting and classifying road
markings using 3D point clouds is a problem that has been addressed in
the literature. The most common approaches rely on the intensity
attribute of the point cloud, which is analysed in order to find the po-
sition of the road markings on the ground [13,14], and it has been
proven that approaches based on Deep Learning obtain the best results,
such as those presented in the work of Wen et al. [15], where road
markings are not only detected and classified but also completed,
finding occlusions and misdetections with a conditional generative
adversarial network (cGAN). Another example is the work of Ma et al.
[16], which uses a capsule-based Deep Learning framework for road
marking extraction and classification from MMS point clouds.

While the objective of these works is the detection of road markings,
they do not study their conservation status, that is, they offer the posi-
tion or the semantics of the road markings, but they do not offer relevant
maintenance information related with the degradation of the markings.
Here, the intensity attribute of the point cloud is also a key property. In
[17], this attribute is defined as the amplitude of the return signal of the
LiDAR, which can be the analogue electrical signal output from the
photodetector or the digitized waveform. However, they state that this
definition may be inconsistent with strict radiometric usage. In a 3D
point cloud encoded in a .las file, the intensity is typically discretized to
an 8-, 12- or 16-bit dynamic range, and it is a relevant parameter to
extract information about the surfaces. The factors that influence the
measurement of intensity values have been studied in the remote
sensing literature and can be summarized as (1) reflectance [18], (2)
surface roughness [19], and acquisition geometry (range and angle of
incidence) [20,21]. To correct the intensity measurements considering
these parameters, there are different methods in the literature. Typi-
cally, theoretical models define corrected intensity measurements as a
function of range and angle of incidence [22,23], which leads to values
proportional to the surface reflectance.

Since the quality of road markings is given by their reflective prop-
erties, this sets a path for using 3D point cloud data acquired by MMS/
MLS to assist in the maintenance and inspection of road markings.
Burghardt et al. [24] tested different road marking materials and glass
beads under different laboratory conditions using LiDAR and cameras,
and measured the correlation between the luminance coefficient under
diffuse illumination (Qg), the coefficient of retroreflective luminance
(Rp) and LiDAR intensity. While they found a correlation with R;, the
correlation with Q4 was weak. This is consistent with the definition of
the intensity attribute on a LiDAR point cloud, as Qq is related with the
visibility of the road marking during daytime and R; with the retrore-
flection, and therefore has an impact on the amplitude of the return
signal of the LiDAR.

In practice, R; measurements are obtained using retroreflectometers.
While some companies still perform static measurements, there are
dynamic retroreflectometers that can be installed in a vehicle that drives
at conventional speeds. Studies show that both static and dynamic an-
alyses yield comparable results, although different interpretations of
them may be obtained, depending on differences in the test procedures
[25]. Although the existence of methods for dynamic retroreflectivity
testing may question the relevance of using a MMS, two clear advantages
justify this research: (1) Dynamic retroreflectometers are dedicated
equipment that can be used only for road marking maintenance. How-
ever, data collected by a MMS can assess multiple inventory and
maintenance issues, as has been introduced in this section. Thus, with
the same equipment, not only road markings can be assessed, but also
traffic signs, bridge/tunnels clearances, and structural health or pave-
ment roughness among others. (2) Dynamic test methods are charac-
terized by higher initial costs and measurement costs [25], which causes
some companies to still perform static measurements. In this context, it
is also worth mentioning the research by Olsen et al. [26] who present a
complete report where they use a Leica Pegasus MMS, develop

Automation in Construction 141 (2022) 104446

algorithms for extracting road markings from the 3D point cloud, and
then calibrate the system for quantifying the retroreflectivity degrada-
tion of the markings. They state that using mobile LiDAR point clouds
can be a safe, cost-effective, and reliable solution to provide accurate
estimates of retroreflectivity for pavement markings.

While the scope of this work cannot be as wide as that report, the
objective is similar: To perform an empirical radiometric analysis on a
low-cost MLS and to develop degradation models to estimate the ret-
roreflectivity of road markings from the intensity measurements on the
3D point cloud. Furthermore, these results can be applied to generate
degradation maps of the road, assisting the decision-making processes of
end-users (road maintenance and conservation companies) by exporting
qualitative and quantitative degradation-related data.

In line with these objectives, the contributions presented in this
paper can be summarized as:

1. A radiometric analysis of a low-cost MLS equipped with a Velodyne
VLP-32C laser scanner, and the development of a model to estimate
the degradation of the road markings.

2. A workflow that takes the first contribution into practice and gen-
erates cartographic degradation maps that can be easily visualized
on Geographical Information System (GIS) software. Furthermore,
data to assist decision-making processes according to the requisites
of the end-users of this work are part of the output of this workflow.

2. Case study data

The 3D point cloud data employed in this work has been acquired
with a customized assembly of the Phoenix Scout Ultra 32 Mobile LiDAR
System (Fig. 1a). It is a lightweight, low-cost system equipped with a
Velodyne VLP-32C laser scanner, that has 32 laser beams, with a hori-
zontal and vertical field of view of 360° and 40°, respectively. The
scanner operates at a wavelength of 903 nm, and it is able to get dense
point clouds with a scan rate of 600,000 measurements per second. The
complete specifications of the scanner can be found in the reference
[27]. This system was mounted in a van with an inclination of approx-
imately 45°, and the global positioning was done with a single-antenna,
dual-frequency RTK-GNNS receiver, whose position with respect to the
laser and IMU is known and calibrated. A GNSS Topcon HiPer V, placed
at <15 km from the trajectory, was used as a base for trajectory post-
processing with Inertial Explorer. Data acquisition took place in three
different roads in Spain, near the cities of Albacete, Valladolid, and Avila
(Fig. 1c-e). Field work related with datasets 1 (Albacete) and 2 (Valla-
dolid) consisted of data acquisition for the definition of the degradation
model defined in Section 4.2. Roads from these survey locations have
sections with one or two lines for each direction and showed different
levels of degradation along the surveyed length. The field work related
to dataset 3 (Avila) was carried out on a conventional road, and the data
was used for the validation of the model. Information from those surveys
is summarized in Table 1.

In parallel to the mobile LiDAR survey, a retroreflectometer was
employed to measure the coefficient of retroreflected luminance (night
visibility, Ry, measured in med/m?/1x) of road markings (Fig. 1b), with a
resolution of 1 med/m?/1x, a measuring area of 50x100mm, an obser-
vation angle of 2.29° and an illumination angle of 1.24°. It can be used
regardless of light conditions, and it is able to measure the visibility of
both dry and wet road markings. In this work, a set of measures were
manually recorded in different road marking surfaces along the case
study area, annotating the R;, values displayed by the retroreflectometer
as well as an accurate GNSS position of the measured areas, so these
measures could be georeferenced with respect to the 3D point cloud
data. Note that the coefficient under diffuse illumination (Qq) is not
utilized in this work as it does not correlate with the intensity mea-
surement from the LiDAR system, as reported in the literature [24].
Furthermore, only white markings were considered in this study, and the
field work was done under clear meteorological conditions, as
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(b)

(c)

(e)

Fig. 1. Case study data. (a) MMS equipped with GNSS-INS and a Velodyne VLP-32C laser scanner, used for the presented surveys. (b) Retroreflectometer used to
collect R;, ground truth data (c-e) Survey locations: Albacete (CM-3203), Valladolid (N-601), Avila (AV-110).

Table 1
Case study data from three different locations in Spain.
Survey Location Survey Length Usage
1 - Albacete (CM-3203) 10 km Model fit
2 — Valladolid (N-601) 10 km Model fit
3 - Avila (AV-110) 6 km Model validation

conditions such as fog significantly affect LiDAR performance [28].
3. Methods

This section presents the methodological approach of this work.
First, the 3D point cloud data from the case study is processed in order to
extract intensity-related information. A hypothesis for an intensity
correction algorithm is set and validated, and a degradation model is
defined. Finally, that model is employed to define a degradation map
which served as validation of the case study.

3.1. Data preparation

Let P = (x,y,2,1,t;) be the 3D point cloud acquired by the MLS
presented in Section 2, where the coordinates of each point (x,y,z) have
attributes such as intensity (I) and time stamp (t;). Furthermore, let Py,
be a list of 3D coordinates that represent the points where R; mea-
surements of road markings were carried out.

To prepare the data for further processing, it is important to note that
most of the information from the 3D point cloud is not needed in a first
step as the objective is to analyse the intensity values of the point cloud
in the areas measured in the field. Therefore, a process that selects and
isolates the local surroundings of each measured area is needed. For

large point clouds, neighbourhood search may be computationally
intensive, as point distances need to be computed for every point in the
cloud in order to obtain the neighbourhood of a single points. Thus, a
faster and less demanding process based on rasterization is proposed.
First, the 3D point cloud P is rasterized by projecting its 3D co-
ordinates into the XY plane, where a uniform grid is defined. Each point
will be located within a cell of the grid, and each cell will have an index,
such that the set of points within any raster cell are unambiguously
identified with the correspondent cell index. Then, if the points in P, are
also projected on the same grid, the cells that contain any point from Py,
can be selected to extract points from P on those cells. To avoid cases
where local information is lost due to P, lying close to the border of the
raster cell, the neighbouring cells are also selected. That is, for each Ry,
measure, whose position is recorded in Py, (Fig. 2a), a 3D point cloud is
extracted from P, containing the local neighbourhood of the measured
area. For this work, the grid cell for the rasterization process has been
defined as g- = 2 m. Therefore, this process outputs a set of 3D point
clouds Ppgrking = (P1...P;...Py)| P; € P, such that each of them cover a 6
x 6 m area on the plane, with the point where the retroreflectivity was
measured approximately lying in the centre of the cloud (Fig. 2b).

3.2. Radiometric analysis of the VLP-32C scanner

The first step of the methodology is to perform an analysis of the
radiometric behaviour of the VLP-32C laser scanner. The initial hy-
pothesis is supported in reference [17], where a theoretical correction is
presented as a common method to compensate for variation in intensity
data caused by range (distance between sensor and target, R) and angle
of incidence (angle between the beam and the target, a) following Eq. 1:

R 1
L= I €Y
Ry, cosa
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(a)

(b)

Fig. 2. Data preparation. (a) Section of the 3D point cloud P, where the GNSS coordinates of one of the R; measurements from Py, is visualized in red over the road
marking. (b) After a rasterization process, the raster cell that contains the GNSS coordinates of the measurement (coloured in red) as well as its neighbouring cells,
are extracted. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

where I'and I, are the raw and corrected intensities, respectively, and Rr.f
is a user-defined reference range, such that the corrected values are
equivalent to those intensities measured from that reference range.

However, the suitability of this equation should be verified, as
currently there is no standard approach for intensity correction across
manufacturers. For instance, some scanners have brightness reducers for
near distances [17] that invalidate the intensity correction shown in Eq.
1. Furthermore, there is not a clear insight on the radiometric behaviour
of the scanners [20]. The VLP-32C codifies the intensity on 8 bits, thus it
is stored in a variable with 256 possible values. Furthermore, according
to the manufacturer, the reflectivity measurements should be indepen-
dent of laser power and distances involved. The hypothesis set in this
section will empirically test that behaviour.

3.2.1. Laser positioning

It is important to note that the parameters (R, ), required for in-
tensity correction, cannot be computed in a straightforward manner, as
the position of the laser is initially unknown. However, it is possible to
estimate this position given:

The trajectory of the vehicle, as recorded by the navigation system,
T = (x,Y,%,t), including cartographic Universal Transverse Mer-
cator (UTM) 3D coordinates (x,y, 2) and a time stamp, t;, for each 3D
point. Note that the trajectory is recorded with a frequency of 1 Hz,
therefore there is a single point registered per second.

The orientation of the laser based on the IMU, as roll, pitch and yaw
angles (¢, 0, y) for each point of the trajectory.

The distance between the GNSS antenna and the IMU, measured in
the coordinate system of the latter. Let it be defined in meters as dg; =
(0.019301,0.2405, —0.03943).

e The distance between the IMU and the laser, as specified by the
specification sheet of the manufacturer, measured in the same co-
ordinate system as dg. Let it be defined in meters as dj = (0, —
0.04655, — 0.04593). Thus, the distance between the laser and the
GNSS antenna can be defined as dg = dg; + dj.

The rotation matrix between the reference system of the GNSS and
the IMU, Ry

To estimate the position of the laser, let p; = (x;, y;, 2i, ts;) be any point
within the 3D point cloud data acquired for this study. As mentioned, the
trajectory is recorded with a frequency of 1 Hz, but the point cloud data
has a greater acquisition rate. For that reason, it is necessary to inter-
polate the coordinates of the trajectory for each point. First, the two

closest time stamps to t; (before and after the acquisition of the point)
are selected, defining two trajectory positions t; = (x1,y1,21,t51) and ty =
(x2,¥2, 22, ts2). Then, the interpolated trajectory position for p; is obtained
following Eq. 2, where the interpolation distance diyer, is computed
following Eq. 3. Note that the lineal interpolation assumes a constant
speed of the vehicle in the time interval [tg, t;].

=0+ dimerp (t2 - tl) (2)
I — In
dinrerp = 1o — Iy (3)

This interpolation process is also applied to the orientations recorded
on the trajectory positions t; and ty. Thus, for an interpolated trajectory
position t;, orientations (¢, 6;, ;) are computed.

Then, the transformation matrix, T, required to estimate the co-
ordinates of the laser given a trajectory position t;, is defined as shown in
Egs. 4-5. It performs a rotation according to the matrix Ry; and orien-
tations given by the IMU (R)), and a translation that positions the origin
of the transformed reference system in t;.

_ (Rg'Ri 1
r= ( 01 1) @
cos¢p; —sing; 0 1 0 0 cosy;, 0 —siny,
R, = | sing; cosp; O 0 cosO; —sin0; 0 1 0
0 0 1 0 sing; cosH; siny; 0 cosy,
(5)

This way, the positioning of the laser p; can be expressed in the same
system of reference as any point of the 3D point cloud p;, given the vector
dg that measures the offset between t; and p; in the IMU system of
reference (Eq. 6).

pr=T-dy (6)

3.2.2. Intensity correction

Once the position of the laser can be estimated for all the points in
the 3D point cloud, the theoretical intensity correction model presented
in Eq. 1 can be implemented for each single point. It requires the
calculation of two parameters: The distance between the laser and the
target (R) and the angle of incidence between the beam and the target
(a) (Fig. 3a). Given any point p; from the 3D point cloud, and the esti-
mated position of the laser when that point was acquired, p;, the distance
R is straightforwardly computed as the Euclidean distance between both
3D coordinates (Eq. 7). The angle of incidence a is computed as the angle
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(b)

Fig. 3. (a) The distance R and the angle of incidence a are computed for each point p; and its correspondent laser position p;. (b) The normal vector ¥ is computed
applying PCA to the road surface points, after filtering out off-ground points (coloured in red). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

between a vector that represents the beam (7) and the normal vector of
the surface where target point p; is located (V') (Eq. 8).

R=lpi—psll )
uv

@ = acos —— (€)]
[V

Note that the definition of the normal vector vV is not straightfor-
ward. As detailed in Section 3.1, each point cloud from Ppgrking cOvers a
6 x 6 m area on the plane. Thus, the surface plane can be defined by
applying Principal Component Analysis (PCA) to those points in P; that
belong to the road surface. This requires an additional processing step:
The point cloud P; may contain off-ground points such as traffic signs or
other objects (Fig. 3b) that must be filtered out before defining the road
surface. For that reason, a local normal vector is estimated for each point
pi € P;, fitting a plane for a neighbourhood composed of the 50 closest
points to p;. While these normal vectors are noisy (which is a strong
reason to justify using a single normal vector for each P;), the value of
their vertical components can be used to filter out points that do not
belong to the road surface. Here, a threshold value of 0.9 is stablished, so
normal vectors with lower vertical component are discarded (Fig. 3b).
Note that this simple approach is valid as point clouds P; cover a small
surface whose slope can be considered constant, but it will likely fail for
larger point clouds.

Raw intensity

(a)

Once the road surface is segmented, the third eigenvector obtained
with PCA will be considered as the surface normal, thus it will be vector
V for the calculation of the angle of incidence « for all points in P;.

Finally, the theoretical intensity correction from Eq. 1 can be applied
point by point to each point cloud in Ppgrking. Measuring the range values
of the complete dataset, it can be seen that the majority of the points
have values between 5 and 10 m. Therefore, the reference range Ry in
Eq. 1 is set as 6 m. The raw intensity values are normalized in the range
[0,1]. Fig. 4 shows the same point cloud with raw and corrected in-
tensity values.

The colour map in Fig. 4 gives a visual representation of the theo-
retical intensity correction effect. As it can be seen, the initial hypothesis
set in Section 3.2 may not be correct, as the expected uniformity on the
corrected intensity values for a local area of a road marking does not
exist, hence this theoretical correction may not be suitable for the laser
employed. In order to validate this statement, the following analysis is
carried out: First, a subset of Pyarking is defined by randomly selecting a
number of individual point clouds P;. Then, road markings on each point
cloud are segmented, setting a single threshold for the raw intensity
values, and checking the results manually, slightly adjusting the
threshold value if necessary. Finally, the relation between the raw and
corrected intensities with the range and angle of incidence parameters is
studied for all the road markings points in the data subset. The outcomes
of this analysis are shown in Section 4.1 from the results.

Corrected intensity

(b)

Fig. 4. Intensity correction. (a) Point cloud P; coloured by its raw intensity values. (b) Point cloud P; coloured by its corrected intensity values.
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The new hypothesis that is set at this point is that, given the radio-
metric behaviour of the LiDAR system on the studied areas, it may be
possible to stablish a correlation between the raw intensity values and
the coefficient of retroreflected luminance as measured on field.

3.3. Modelling intensity values

Once the radiometric behaviour of the LiDAR system has been ana-
lysed, the next step, given the results obtained in Section 4.1, is to find a
model that fits the raw intensities as acquired by the LiDAR system, and
the coefficient of retroreflected luminance (R;) as measured in the field
by a retroreflectometer as described in Section 2. For that purpose, each
point cloud P; from the set Ppgrking is processed as follows: First, the
GNSS positions from P, that were used to generate P; are retrieved, and
then, points in P; whose distance with that coordinates is <10 cm are
selected, and the average raw intensity of those points is computed. This
is done for two reasons: (1) reducing the noise of a single measure by
averaging neighbouring points, and (2) accounting for the positioning
accuracy of the GNSS device that recorded coordinates Py, as well as for
the measurement area of the retroreflectometer. In order to avoid out-
liers where the selected points do not completely belong to a road
marking area, this process is manually supervised.

Then, a set of pairs (I;4y, Ry) is obtained. In Section 4.2, it can be seen
that, qualitatively, there is a positive, non-linear correlation between
both values. After an empirical analysis, it was found that a single-term
power model (Eq. 9) could be used to fit the data (Section 4.2).

R .=al ©)]

raw
3.4. Data representation for preventive and corrective maintenance

Once the intensity of a 3D point cloud is expressed in terms of night
visibility (Ry), it can be employed for preventive maintenance of the
road markings. According to the Spanish guide for project and execution
of road marking works [29], which is supported by the norm UNE-EN
1436, there are different levels of service for road markings, that are
summarized in Table 2. It establishes different retroreflectivity classes
that should meet the temporal specifications on the normative.
Furthermore, this guide stablishes, as a preventive maintenance crite-
rion, a Ry value of 150 med/m?/Ix. In practice, road marking repainting
is carried out when the Ry value of any marking of a road section (which
may vary in length) has a value < 100 med/m?/1x.

Given these data, the 3D point cloud can be used to support
corrective and preventive maintenance tasks. However, it is important
to note that, even if the intensity values of a point cloud can be trans-
lated to retroreflectivity values, road markings must be located in the
point cloud in order to analyse them, which is a non-trivial step given
the unstructured nature of 3D point cloud data.

Fig. 5 shows a workflow that summarizes the process to export
meaningful information for road marking maintenance from an input 3D
point cloud. First, a road marking segmentation process is applied to
filter out points that do not belong to road markings. This process, which
is out of the scope of this work, can be manual, based on heuristics or on
Machine Learning algorithms. Then, the Ry, values of each point can be
retrieved from the model defined in Section 4.2.

Subsequently, it is necessary to subsample the resulting point cloud,
as the point density is too high to offer an efficient visualization of the
data. For that reason, the point cloud that contains the road markings is

Table 2
Levels of service for road markings, for the parameter R;, according to national
guidelines.

Night visibility

30 days 730 days

>300 (R5)

180 days

R;, med/m?/Ix >200 (R4) >100 (R2)
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rasterized (projecting the point cloud on the XY plane) with a grid size of
1m?, and a single point is chosen for each raster cell as the closest point
to the cell centroid. Then, the Ry value of that point will be computed as
the average Ry, value of the road marking points on a neighbourhood of
1 m of radius. This process intends to reduce the noise of individual
measures and to improve the qualitative results of the visualization, as it
is shown in Section 4.3. Finally, a degradation index is assigned to each
point according to the Ry value, and the percentage of points with R <
100 med/m?/Ix is computed for each 100 m of road. Note that this
process is completely automatic, with no manual intervention. If a set of
relevant coordinates for the maintenance of road markings were known
beforehand, the process could be simplified, but a local road marking
segmentation would still be needed to get a proper Ry estimation.

4. Results
4.1. Radiometric analysis

In Section 3.2, the radiometric analysis of the VLP-32C laser scanner
is carried out under an initial hypothesis from Eq. 1. As stated in the
literature, theoretical corrections of the intensity values within a 3D
point cloud show a relation between the raw intensity value and the
range and angle of acquisition for each point. Nonetheless, the process in
Section 0 showed that this initial hypothesis may not be correct for the
laser employed, as the corrected intensity was qualitatively inaccurate
over the studied areas. To quantify this and to obtain empirical con-
clusions, road markings are segmented from a subset of N = 7 3D point
clouds from Pjgrking (Fig. 6a). This subset contains 49,584 points and
covers a complete interval of the parameters (R, a): Here, these intervals
areR € [2.3m,16.1 m] and « € [30.50,82.70]. In Fig. 6b, different vi-
sualizations of the data are shown using the N point clouds of the data
subset. There, it can be seen that there is not a correlation between raw
intensity values and (R,a) parameters. In fact, the raw intensity is
relatively stable across the dataset. Consequently, the application of the
theoretical intensity correction equation outputs an intensity distribu-
tion that is clearly correlated with (R, a) parameters, given the intensity
correction from Eq. 1.

To quantify this, Pearson's linear correlation coefficient is computed
for (R, a) parameters with respect to the raw and corrected intensity, for
all observations in the data subset. Table 3 shows the results, that
corroborate the qualitative conclusions extracted from the data in
Fig. 6b. It is clear that the raw intensity values are not correlated with
the parameters from the theoretical correction, therefore the initial
hypothesis set in Section 3.1 has to be discarded.

4.2. Degradation model

As stated in Section 3.3, a single-term exponential model was found
the best option to fit the (I;qy,Ry) data (Eq. 9). As introduced in Section
2, the case study consists of three surveys in different locations and
seasons of the year. The road was dry during all the surveys, except for
one where it rained the night before the data acquisition. However, this
fact had no impact on the data collected from the field work.

Following the process outlined in Section 3.3, a set of pairs (Iqy, Rr)
is obtained using data from dataset 1 (Albacete) and dataset 2 (Valla-
dolid). During the process, some of the retroreflectometer measurements
were discarded due to lack of information in the point cloud (occlusions
or lack of point cloud data on the measured zone). A total number of 63
data pairs (Iqy, Ry) are considered to fit the model. Using the curve
fitting app from MATLAB®, a robust non-linear least squares fitting is
applied to the data. Different configurations are tested to find the best
model. Since least squares is sensible to outliers, and the set of (I;qy, Ry)
points is considerably noisy, two robust methods are tested: (1) Least
Absolute Residuals (LAR), which minimizes the absolute difference of
the residuals rather than the squared differences, and (2) Bisquare
weights, that minimized a weighted sum of squares. Two fitting
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Fig. 6. (a) Subset of point clouds from road markings used to analyse the radiometric behaviour of the VLP-32C scanner. (b) The normalized raw and corrected
intensities are plotted against range (left) and angle of acquisition (right).

algorithms are also tested: (1) Trust-region, and (2) Levenberg- method obtains a better fit in terms of R-square and a smaller Root Mean
Marquardt. This leads to four models where the difference between Squared Error (RMSE).

both fitting algorithms is negligible. Therefore, Trust-Region algorithm To validate the performance of the model, two experiments were
is employed to plot the resulting models in Fig. 7. The corresponding done. The objective of the first experiment was to validate whether the
adjustment metrics are shown in Table 4, where it can be seen that LAR model was able to reliably show areas with high degradation. First, the
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Table 3
Pairwise Pearson's linear correlation between (R,a) parameters and both raw
and corrected intensities.

Variable 1 Variable 2 Pearson's linear correlation
R Lraw ~0.0259

Tcorrected 0.9348
. Law 0.0115

Tcorrected 0.7439

selected model was applied to the point cloud data associated to dataset
3 (Avila). Then, the R; values were manually inspected, and a total of 15
coordinates of areas with high degradation (R values under 100 mcd/
m?/Ix) were annotated as a set of points (Py,...,Py5). Note that this
manual annotation was carried out with no knowledge of the actual state
of the road marking, as the 3D point cloud did not have colour infor-
mation available. Subsequently, those coordinates were measured with
the retroreflectometer, and the results (average of three consecutive
measurements on the same point, slightly lifting and posing the retro-
reflectometer again between measurements) were annotated, and they
are shown in Table 5. It can be seen that the model exhibits high reli-
ability in showing areas with high degradations, as only two of the
fifteen points were above 100 med/m?/1x, and they were points with a
R;, value close to the limit that was set for the manual inspection of the
point clouds.

The second experiment computed the average error and standard
deviation between the model output and the R;, values measured by staff
from the road maintenance company with the retroreflectometer on the
dataset 3 (Avila). The objective of this experiment was to quantify the
accuracy of the degradation model with a set of R; measurements in a
dataset that had not been used for fitting the model. First, a set of 48 Ry,
measurements (with the same averaging procedure that was described
in the previous experiment) were recorded together with their GPS po-
sition. Note that the minimum and maximum R;, values resulting from
the measurements are 14 med/m?/Ix and 520 mecd/m?/Ix respectively,
and the and average standard deviation of the R measurements on the

Model Fitting
T
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same location is 10.88 mcd/m?/Ix. Then, those positions were inspected
in the 3D point cloud, and the estimated R, values, obtained by applying
the degradation model, were retrieved for each position. Finally, the
values recorded with the retroreflectometer and with the degradation
model were compared. As expected, the average error is low (3.26 mcd/
mz/lx) and the standard deviation is higher (72.78 mcd/mz/lx).

4.3. Data visualization

Following the point cloud processing workflow defined in Section
0 (Fig. 5), an output consisting of two .csv files is obtained. The first file
contains data for visualization, embedded in a Nx4 matrix with the
degradation data of N road marking points within the input 3D point
cloud. For each point, the file contains its (x,y) geographic coordinates,

Table 4
Model adjustment metrics.

Robust method Model R-square RMSE (med/m?/1x)
LAR Ry = 1990 12283 0.956 19.13
Bisquare Ry, = 3577 L5308 0.762 44.47

Table 5

R, values measured with the retroreflectometer in field, for the set of highly
degraded coordinates.

Point Index Ry, value Point Index Ry, value
Py 32.33 Py 17.66
P, 31.00 Pyo 52.00
Py 40.66 Py, 123.00
Py 47.33 P2 32.66
Ps 60.00 Pi3 71.00
Pg 88.25 P14 23.33
Py 39.33 Pis 56.66
Pg 126.00
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Fig. 7. Degradation models.
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the R; value, and a degradation index that allows for a qualitative
visualization of the data and is defined in Table 6. The data can be easily
shown in any GIS software. In this case, it is displayed over an ortho-
photo of the area of study using QGIS (Fig. 8).

The second file contains data that may assist the decision support for
corrective and preventive maintenance. Given the specifications of the
end-users of this work, it is relevant to know the percentage of points
with greater degradation (degradation indices equal to 1) in road sec-
tions of specified length in order to make decisions regarding road
marking repainting. For that reason, the N points that are part of the
output are split in M clusters, each of them corresponding to a road
section of 100 m of length. For each section, the following data is
recorded:

1. The initial kilometric point of the section.
2. The total number of analysed points in the section.
3. The percentage of highly degraded (R; < 100) points.

This way, areas that surpass a percentage of highly degraded points
(which is given by the end user) can be easily located for further in-
spection and more efficient decision making.

5. Discussion

The presented methodology can be divided into two well-
differentiated parts. First, the radiometric behaviour of the VLP-32C
laser scanner was studied, finding that there is no influence of dis-
tance and angle of acquisition on the raw intensity values of the 3D point
clouds, at least in the context of an application for road marking
detection and analysis. While this simplifies the problem - finding a
function that estimates the coefficient of retroreflected luminance given
the intensity attribute of a point -, it is important to note that this
analysis is only applicable to the laser employed in this work. The same
application on point clouds acquired with a different laser scanner
would need a similar approach, as the way the intensity attribute is
internally corrected and discretized is typically unknown by the user,
and dependent on the manufacturer. It is also relevant to highlight the
empirical and application-oriented nature of this work, as case study
data has only been recorded in the field, at different times of the year,
with no previous analysis in laboratory.

A second methodological block is focused on the exploitation of this
first result to obtain degradation maps of the road markings, to support
preventive and corrective maintenance tasks. Qualitatively, the result-
ing visualization of the data is intuitive and shows a clear picture of the
global degradation of the road markings and highly degraded areas.
Quantitatively, the selected degradation model is able to estimate the
retroreflectivity of an area but with a high standard deviation for indi-
vidual measurements. This is due to the noisy nature of the point cloud
data, as well as the Ry measurements in the field, which may vary
considerably when moving the retroreflectometer a few centimetres. For
that reason, the retroreflective measurements, as shown in Table 5, are
the result of averaging three individual measurements of the same area.
Another limitation of this process can be seen in Fig. 8b. Note that there
is a section on the interior edge of the curve with no degradation data.
This is due to errors in the road marking segmentation process, where
points with high degradation and therefore low intensity cannot be

Table 6
Degradation indices defined for a qualitative visualization of
the degradation map.

Degradation index Ry value

R, <100
100 < R, <150
150 < R, <200
R; > 200

A W N =
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properly segmented. This sets a harder problem to solve in the seg-
mentation side of the process, which is out of the scope of this work, as a
fully automated segmentation process that is robust to lines that have
lost practically all their retroreflective properties will require adding
reconstruction and/or knowledge and context-based algorithms to the
workflow. However, if the data is visualized by a user with previous
knowledge, it is relatively easy to infer that, as in the case exemplified,
with an interior edge of a curve that shows high degradation and loss of
data in between, the missing data will also correspond to high
degradation.

The outputs of this work include data for generating degradation
maps, which can be visualized in GIS software, and also data to assist
predictive and corrective maintenance activities. In this case, the per-
centage of highly degraded points per 100 m of road section is recorded.
Given the feedback of the end-users of this work, sections with >10% of
these points should generate warnings, so corrective maintenance can be
considered. It is clear that the length of the section, the percentage of
degraded points or the R indexing are parameters that can be easily
modified and adapted to the needs and requisites of different end-users.

6. Conclusions

This paper presents an application to compute road marking degra-
dation maps to support preventive and corrective maintenance tasks,
using 3D point clouds acquired with a Mobile LiDAR System. The MLS
employed is a Phoenix Scout Ultra 32, equipped with a low-cost Velo-
dyne VLP-32C laser scanner. Data for this work were collected in three
different locations in Spain, at different times of the year. First, a
correction for the intensity value of the 3D point cloud was proposed,
following the existing literature, which stated that the intensity attribute
was influenced by the distance between the laser scanner and the ac-
quired point, and the angle of acquisition. This analysis showed that this
theoretical correction was not necessary for the sensor. In fact, there was
no influence of the studied parameters on the recorded intensity values.
This allowed the definition of a model to estimate the coefficient of
retroreflected luminance (night visibility, R;) using only the intensity
attribute of the point cloud. Then, the model was validated using data
recorded in the field by a retroreflectometer, finding that it is able to
reliably detect areas with a high level of degradation. It also has a low
average error, but Ry values are noisy along the point cloud.

With the proposed model, it is possible to generate road marking
degradation marks that can be visualized in GIS software. Furthermore,
the requisites of the end-users of this application can be added to the
results by highlighting road sections in need of corrective maintenance.
Therefore, this application can save resources in road marking mainte-
nance activities. Measuring all the road markings with a static retrore-
flectometer is unfeasible, and still extracting a small sample of data from
aroad section is a slow task. With both a dynamic retroreflectometer and
a MMS, a high number of measurements can be extracted, and the data
can be collected at conventional driving speeds, with no need for
maintenance staff to measure outside of the vehicle (reducing risks and
roadblocks). However, MMS offer more versatility, and the collected
data can be applied for multiple maintenance-related applications, thus
offering a strategic advantage over dedicated equipment.

Future work will include the integration of robust road marking
segmentation algorithms. Although it was not part of the scope of this
work, a reliable degradation map obtained in the context of a fully
automated methodology will likely need to include a Deep Learning
based architecture for road marking segmentation. Furthermore, pre-
dictive maintenance should be considered as well, by studying degra-
dation models for road markings over time and gathering data from the
same areas at different time epochs, estimating the best maintenance
strategy. The positive results achieved with this work will encourage
further research on the study of the capability of different LiDAR sensors
for road marking degradation analysis, and different materials and ca-
suistries will be tested. Finally, the case study data can be augmented by
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(b)

Fig. 8. (@) Visualization of the degradation map. Red, orange, yellow and green points correspond to degradation indices 1, 2, 3 and 4, respectively. (b) Detailed
view of the degradation map. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

adding more data points and considering rainy conditions, so variations
in the developed models can be taken into account.
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