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ABSTRACT This study investigates the efficacy of Mobile Laser Scanning (MLS) for detecting pavement
distresses from precise 3D point cloud data. A conventional MLS system was evaluated against a high-
accuracy pavement mapping reference system. The study data were collected by a Roamer-R4DW mobile
mapping system equipped with a Riegl VUX-1HA scanner, while the reference data were acquired using a
Fraunhofer PPS-plus-based mobile mapping system (PPS-plus), which maps road surfaces at sub-millimeter
level. A novel automatic distress detection algorithm was developed, improving upon previous methods
to significantly enhance accuracy. For algorithm validation, nine 10-meter-long pavement sections were
annotated using PPS-plus data to serve as ground truth. The algorithm achieved an Fy score of 0.87 for
detecting distresses wider than 2 cm. The same algorithm was applied to Roamer-R4DW and compared to
the manual reference, resulting in an F1 score of 0.77. To assess the generalizability of the previous findings,
the evaluation was expanded to a 3.2-km-long road section. Utilizing algorithm-generated reference from
PPS-plus data, the automatic distress detection algorithm resulted in an F; score of 0.66 for the Roamer-
R4DW data. Additionally, this study addressed a critical research gap: the lack of distress volume and area
assessments using MLS data. We achieved coefficients of determination of 0.93 and 0.77 for distress volume
and area respectively for the same 3.2-km-long road section. The results of this study underscore the potential
of conventional MLS systems, such as the Roamer-R4DW, for surveying and mapping pavement and road
environments in 3D. Representative dataset: https://doi.org/10.5281/zenodo.19267189.

INDEX TERMS  Crack, mobile laser scanning, pavement distress detection, point cloud, pothole, road, rut.

I. INTRODUCTION
AINTAINING roads is essential for transportation
safety and efficiency. Reliable transport systems sup-
port both economic growth and societal well-being. The
road maintenance and repair planning require an accurate
assessment of pavement condition, which is often determined
by the degree of pavement distresses. Pavement distresses,
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such as cracks, potholes and rutting, often indicate problems
in the deeper road structure. Additionally, they allow water
to penetrate the road surface, further deteriorating the road
structure. Meanwhile, the uneven surface and accumulated
water on rainy days also pose hidden dangers to driving
safety. Therefore, early detection of pavement distress is
essential to prevent costly repairs, accidents, and traffic jams
caused by deteriorating roads.

Roads can deteriorate due to a variety of factors, includ-
ing improper maintenance, unsuitable construction materials,
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excess traffic loads, poor surface drainage, and challenging
climatic conditions [1], [2], [3], [4]. Diverse root causes
result in a variety of internal and superficial damage on the
road network, which also challenges the methods proposed
for measuring, analyzing, and reporting the condition of
pavement.

Research on pavement distress detection using remote
sensing techniques has commonly employed two-dimensional
(2D) image intensity algorithms due to their versatility and
cost-effectiveness [5]. However, those methods encounter
difficulties with deriving depth information, uncertain detec-
tion in varying lighting conditions, and misidentification
of non-crack features [6]. Despite improvements through
applying advanced computational and Al methods, selecting
an appropriate set of parameters remains a challenge due to
variability in crack characteristics across diverse pavement
compositions and image quality concerns (e.g., motion, illu-
mination, and object shadows, pavement and gravel mixture,
and presence of road paint, patches and repairs). Methods
utilizing 2D image processing also often neglect vital geo-
metric information, revealing limitations in comprehensively
detecting pavement cracks [4], [7], [8], [9], [10], [11], [12],
[13], [14].

Photogrammetry and laser scanning represent two promi-
nent approaches for three-dimensional (3D) reconstruction
of road surface and detection of surface defects such as
cracks, potholes and depressions. Photogrammetry relies on
image sequences to build 3D models. However, it is sensitive
to environmental factors and demands a large number of
images [15]. Crack detection using 3D information from pho-
togrammetric techniques, e.g. structure from motion, enables
automated analysis of large datasets by representing road
surfaces as 3D point clouds [16], [17], [18]. In contrast,
laser-based techniques offer a more resilient approach, which
is less impacted by lighting conditions and provides richer
information [19]. Laser scanning has gained popularity in
civil engineering with several studies confirming the effec-
tiveness of the Terrestrial Laser Scanning (TLS) technique in
identifying pavement surface distress [20], [21], [22]. Numer-
ous studies and reviews on crack detection using laser-based
techniques have been published in recent years [23], [24],
[25], [26], [27], [28], [29], [30].

Mobile Laser Scanning (MLS) systems are increasingly
used for detecting road features and identifying pavement
distress. Feng et al. proposed a semi-supervised point-level
method using graph convolutional networks (GCN) to detect
cracks from MLS data collected on the Qinghai-Tibet High-
way [31]. Yan et al. [32] utilized a scan line method to
extract road points from a point cloud. The method com-
bined the identified seed road points from scan lines and
a moving least square line fitting algorithm to determine
the full set of road points for each scan line. Zhong et al.
transformed MLS point clouds into a regular grid structure
and utilized image-based methods to detect three types of
pavement cracks on 220-m-long road sections, achieving high
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F| scores for the detected crack curves [33]. El Issaoui et al.
used an MLS system for rut detection and depth estimation,
applying a low-pass filter to the individual profiles and verify-
ing the results with TLS [21]. Del Rio-Barral et al. employed
a low-pass filter to preliminarily identify crack points, further
refined through manual validation using images [28]. More
recently, del Rio-Barral et al. developed a machine-learning-
based approach, utilizing geometric features of MLS point
clouds derived through principal component analysis [34].
In contrast, Guo et al. integrated vehicle-mounted panoramic
imagery with MLS data, using convolutional neural networks
for initial crack detection and subsequently refining crack
geometry through point cloud-based elevation analysis [35].
Study by Xia et al. employed an MLS system using a
RIEGL VUX-1HA scanner to detect pavement subsidence
deeper than 1.5 cm by analyzing elevation deviations along a
100-meter test section [36]. Similarly, Pascucci et al. explored
point-wise crack classification using MLS data, where both
the detection and the manually annotated reference labels
were derived from the same point cloud, demonstrating high
accuracy for identifying longitudinal and transverse cracks
across 27 targeted segments [37].

As described above, previous laser studies have demon-
strated the feasibility of crack detection in pavements.
However, many of these studies are constrained by lim-
ited test areas, hindering analysis of extensive road sections
and use of high-accuracy reference data. In some cases,
both the detection results and the reference annotations are
derived from the same point cloud data. While this simplifies
the workflow, it undermines the reliability of performance
evaluation, particularly when the data originate from con-
ventional MLS systems that lack the resolution and ranging
accuracy required for generating high-quality ground truth.
Although they have demonstrated novel work, more in-depth
quantitative evaluations for distress detection are needed.
Additionally, assessments of distress volume and area have
been lacking. This study directly addresses these limitations
by conducting a comprehensive analysis of pavement dis-
tress detection using MLS. We analyzed a 3.2-km-long road
section, including detailed volume and area calculations of
distresses, and validated our findings with high-accuracy
reference data. In addition, our research introduces a novel
algorithm that merges and refines three previously developed
algorithms, resulting in a substantial improvement in accu-
racy and enhancing the overall performance and robustness
of distress detection.

Il. RESEARCH DESIGN AND MATERIALS

A. RESEARCH APPROACH

The evaluation framework of this study was designed to
assess both the algorithmic performance and the feasibility of
conventional MLS systems for distress detection. The study
design consists of three distinct validation stages, including
algorithm validation, evaluation of conventional mobile map-
ping system and its generalizability on distress detection:
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FIGURE 1. Study area and test section layout. (a) Aerial view of the 3.2-km survey area, with the trajectory marked in blue and the locations of the reference data validation
sections marked by white arrows. (b) A zoomed-in point cloud visualization of the road segment highlighted by the yellow box in (a). (c) Visualization of the examined 10-meter
test sections from the red box in (b), showing the reference data collected by the PPS-plus system, with sections colored by red, orange, and blue. The single painted line on the
right side of the road surface marks the right edge of the lane, whereas the double line on the left side indicates the center line, which is between two opposing lanes.

e First, to isolate the performance of the proposed detec-
tion algorithm from hardware limitations, the algorithm
was applied to high-density point cloud data acquired
by a reference system. The results were validated
against manually annotated ground truth from selected
validation sections. This step established the baseline
accuracy of the algorithm itself.

e Next, to assess the capability of the conventional MLS
system on distress detection, the same algorithm was
applied to the conventional MLS data. These results
were compared against the same manually annotated
ground truth used in the first stage.

e Finally, to evaluate the system’s performance on a
larger scale, the assessment was extended to a sig-
nificantly longer road segment. For this stage, the
reference data was generated automatically by applying
the validated algorithm to the high-density reference
point clouds. This allowed for a dense, kilometer-scale
quantitative evaluation of the conventional MLS sys-
tem under diverse road conditions but this approach is
limited by the reference data accuracy.

B. DATA DESCRIPTION

MLS point cloud data was collected on a 3.2-km-long stretch
of a two-lane regional road (road number 11311) in the
municipality of Kirkkonummi, Finland (Fig. 1). Two MLS
data sets were collected on the same day in 2019 using two
MLS systems. The surveys were conducted at driving speeds
corresponding to the speed limits of 40-50 km/h. On the
day of the measurement, the road surface was dry, and the
weather was partly cloudy. The road exhibits typical geo-
metric variability of Finnish regional roads. The horizontal
alignment includes straight segments connected by curves
of varying curvature. The vertical profile is varying, with
an elevation range of approximately 14 m over the segment.
The longitudinal grade varies from near-flat sections to local
slopes exceeding 7%. Additionally, the road features superel-
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evation in curved sections, which introduces varying vehicle
dynamics and scanning geometries.

The first dataset was collected using the PPS-plus, which
produces extremely dense and accurate point clouds compa-
rable to TLS. Due to its high point density and measurement
accuracy, the PPS-plus dataset was used as a reference (here-
inafter referred to as the reference data) for evaluating the
Roamer system’s performance. The second dataset was col-
lected using the Roamer system, a conventional MLS system
designed for road environment mapping, which has potential
for operational pavement distress detection while simultane-
ously mapping the road environment.

PPS-plus is equipped with the Pavement Profile Scanner
(PPS, Fraunhofer IPM, Germany), which utilizes phase-shift
(PS) ranging technology, as well as an Applanix POS LV
420 system that integrates both an Inertial Measurement Unit
(IMU) and a GNSS receiver to estimate the location and
orientation of the system (Fig. 2(a)). The system is developed
by the Fraunhofer Institute in particular for road surface
mapping, and it is capable of measuring 800 cross-track
profiles and one million points per second. The scanner was
approximately 3 m above the road surface. The scanner’s
70-degree field of view covered more than 4.5 meters in the
cross-track direction, which was sufficient to fully capture
the 3.5-meter-wide lane. In this way, the point cloud obtained
from the road surface was very dense for the pavement
distress detection. In our dataset, the number of points on one
profile was over 900 and the distance between consecutive
points within the profile varied between 3 and 5 mm, being
denser right under the scanner and less dense towards the
edges of the lane. The distance between consecutive profiles
varied between 1.2 and 1.7 cm. The accuracy of the distance
measurement of the scanner is better than 0.15 mm [38]. The
performance of the PPS system has been independently eval-
uated by the Swedish National Road and Transport Research
Institute (VTI) [39], which reported high agreement with
reference measurements and a measurement repeatability
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FIGURE 2. Fraunhofer PPS-plus reference system, illustrating its scan angle (green) and the resulting dense pavement point cloud (blue) on the road surface. (b) The
Roamer-R4DW conventional MLS system, which captures the entire road environment with a 360-degree scanner (green line and blue point cloud), resulting in a comparatively
sparser point cloud on the road surface; the inset provides a close-up of the sensor setup. (Fig. 2. (b) modified from [21], ©2021 by the authors. Licensed under CC BY 4.0).

of approximately 0.09 mm under controlled test conditions,
confirming the system’s capability for stable, sub-millimeter
pavement surface profiling.

The conventional MLS data set to be studied was collected
using the Roamer-R4DW mobile mapping system (Fig. 2(b)),
developed at the Finnish Geospatial Research Institute (FGI).
The system consists of a NovAtel ISA-100C IMU, a Pwrpak?7
global navigation satellite system (GNSS) receiver and two
laser scanners: the Riegl VUX-1HA and Riegl miniVUX-
1UAV (Riegl GmbH, Austria). For the purpose of this study,
only the Riegl VUX-1HA data was used (hereafter referred
to as Roamer data). The Riegl VUX-1HA was located on
the roof of the vehicle at a height of 2.9 m above the road
surface and angled at approximately 15 degrees from the
perpendicular to the road. Unlike the reference data, this
scanner has a field of view of 360 degrees around one axis
and thus collects data from the entire road environment when
the platform is moving. The scanner was set to measure
250 profiles per second at a pulse repetition frequency of
1017 kHz. The distance between consecutive points in the
Roamer data within the road surface cross-track profile of the
lane varied between 4 and 6 mm, and the distance between
profiles varied between 4 and 5 cm, depending on the driving
speed. The measurement accuracy of the Riegl VUX-1HA
(manufactured 2017) scanner was 5 mm with 3 mm precision.
For a more detailed description of the Roamer-R4DW mobile
mapping system, the reader is directed to [21].

C. DATA PREPROCESSING

The preprocessing of the data included three main steps:
classifying lane points (identification of road points, lane
markings, and lane points), noise removal, and registration.
The lane classification started with the identification of road
points in the Roamer data. Due to the limited field of view of
the PPS, the reference data already contained points mainly
from the driven lane and surrounding road surface. The next
task was to identify the edges of the lane to extract the desired
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study area. In this work, the lane points were defined as
points between the painted line markings located at the center
and edge of the road. Once the painted lines were identified
from the data, a spline was fitted to the extracted and often
incomplete marking points to ensure continuity. The points
between the fitted splines at the center and edge of the road
were classified as lane points. Additionally, a 20 cm buffer
zone extending outwards from the lane edge was included
during the algorithmic processing. This buffer ensured that
valid reference surfaces could be generated at the lane bound-
aries, preventing edge effects, although only distress points
located within the actual lane limits were retained for the final
analysis.

Transient objects above the road surface caused stray
points lying in the air. The objects included small bits and
loose gravel rocks, insects or trash that temporarily appeared
above the pavement during the measurement. The stray points
were removed by first applying a low-pass filter of order 25 to
each profile across the lane. The resulting smoothed profile
was then compared point by point with the original profile,
and points with elevation change (the original elevation of
the point minus that of the filtered profile) greater than
6 mm were considered to be above ground noise points and
removed.

After classification and noise removal of the lane points,
the Roamer data was registered with the corresponding
reference data. Even though both data sets were directly geo-
referenced using a dedicated positioning system, the position
solutions of the two different systems were not coincident
at all locations, and the two data sets had to be matched to
each other. Since positioning accuracy was not constant over
the measurement period, it was decided to split the data into
10 m driveway-oriented sections (Fig. 1(c)), corresponding
to the previously defined test sections. Positioning accuracy
was affected by several factors, such as the visibility of
the satellites at the time of the measurement, which led to
signal degradation. Registering the pavement surface point
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clouds using only geometry and Iterative Closest Point (ICP)
algorithm was challenging, especially in the horizontal plane,
due to the planar nature of the road. Therefore, registra-
tion (rigid transformation) was performed using extracted
road markings and automatically segmented large cracks and
potholes. To quantify the accuracy of the co-registration,
we utilized painted hourglass-shaped ground control signals
located approximately every 50 meters along the road section,
introduced in [22]. The final registration accuracy was eval-
uated by comparing the signal centers between the registered
Roamer and reference datasets. This comparison resulted in
a horizontal Root Mean Square Error (RMSE) of 2.3 cm and
a systematic horizontal bias of less than 0.6 cm.

lll. METHODS

A. DISTRESS DETECTION ALGORITHM

This study proposes a novel distress detection method that
utilizes three algorithms developed in [22]. Our goal was
to improve the accuracy of distress detection by identifying
distress points that are consistently detected by multiple algo-
rithms. In the development of the algorithm in this study,
we utilized profile-based filtering, surface fitting, and local
surface roughness algorithms described in detail in [22].

The profile-based filtering algorithm processes a pave-
ment point cloud that is structured into transverse profiles.
These profiles are individually filtered using a digital filter
to generate ideal, distress-free surfaces. Longitudinal profiles
are then constructed by grouping corresponding points from
each transverse profile, such that the first longitudinal profile
consists of the first point from every transverse profile, the
second consists of the second point from each, and so on.
These longitudinal profiles are also filtered using the same
approach. In both cases, points that remain below the result-
ing ideal profiles are classified as distress points.

The surface fitting algorithm divides the test area into
50 cm by 50 cm windows and fits a polynomial surface within
each window. Points that fall below the fitted surface are
identified as distress indicators.

The local surface roughness algorithm estimates surface
roughness value for each point, and extracts points as distress
in area where surface is not smooth enough.

These three algorithms were selected as they were the
top-performing methods identified in [22], each exhibit-
ing sensitivity to different distress characteristics. The
profile-based filtering algorithm excels at capturing distinct
vertical deviations, such as potholes and transverse cracks,
ensuring the detection of structural depth where texture-based
methods may fail (e.g., at the smooth bottom of a wide depres-
sion). The surface fitting algorithm acts as a confirmation
for local surface depressions, effectively validating deviations
from the road plane. To complement these, the local surface
roughness algorithm was included for its sensitivity to tex-
ture; it previously outperformed other methods on ‘difficult’
plots [22] characterized by complex or irregular distress pat-
terns (e.g., disintegration), where clear geometric dips are

1012

less defined. By fusing these complementary approaches, the
proposed strategy leverages the specific strengths of each to
maximize detection robustness across varying distress types.
Furthermore, they represent the three dominant classes of
geometric detection methods found in the literature: scan-line
profiling [28], [40], reference surface fitting [41], [42], and
local geometric feature analysis [10], [34].

The determination of key parameters, such as the fil-
ter order, window size, neighborhood radius, and decision
thresholds, was primarily based on the extensive compar-
ative study in [22]. Minor adjustments were made solely
based on domain expertise regarding the specific sensor char-
acteristics; for instance, detection thresholds were aligned
with the known ranging precision and point density of the
PPS-plus and Roamer systems to prevent noise-induced false
positives.

To improve the reliability of the distress detection, we pro-
pose a strategy that identifies distress points by intersecting
the results of the three algorithms. We adopted this two-
out-of-three voting rule to target a high F; score, which
balances precision and recall by weighting false positives
and false negatives equally. This method effectively filters
out potential false positives by only retaining distress points
detected by at least two algorithms. This data fusion workflow
is visualized in the flowchart in Fig. 3. If letting A;, Az,
and Az represent the sets of the 3D distress points detected
by the profile-based, surface fitting, and surface roughness
algorithms, respectively, the output P of our new algorithm
can be expressed mathematically using equation:

P = (A NA) U (A NA3) U (A2 NA3). 1

B. VALIDATION OF THE DISTRESS DETECTION
ALGORITHM USING PPS-PLUS REFERENCE DATA

We selected nine 10-meter validation sections of PPS-plus
data to evaluate the accuracy of the developed distress detec-
tion algorithm. The validation sections were selected from
different locations throughout a 3.2-kilometer study road
on purpose to ensure representation of different types of
distresses for a comprehensive evaluation. The locations of
the selected validation sections are shown in Fig. 1(a) and
span different longitudinal positions along the route, covering
varying road geometries, slopes, and driving directions.

Reference data was manually annotated into distress and
non-distress points for all cracks, potholes and other distress
types using CloudCompare [43], based on visual inspection
of elevation and intensity differences. All distresses wider
than 1 cm were annotated. In addition, ruts deeper than 2 cm
were considered a form of distress due to their severity and
classified as distresses as well.

For distress detection algorithm validation, the nine
validation sections in the PPS-plus data were also clas-
sified by the algorithm. We compared the distresses
detected by the algorithm to the manually annotated dis-
tresses. By considering the manual annotation as ground
truth, we calculated precision, recall, and F score using the
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The profile-based
filtering algorithm: A,

. The surface fitting
3D pavement point cloud algorithm: A,
The local surface
roughness algorithm: Az

i
N

Final distress set P

FIGURE 3. Flowchart of the proposed distress detection algorithm. The 3D pavement point cloud is processed in parallel by three algorithms derived from [22]. The final
distress set P is generated by retaining only the points detected by at least two of the three algorithms, and it is visualized by the more saturated yellow areas in the Venn diagram.
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FIGURE 4. Comparison of reference and Roamer data for a 10-meter-long validation section. (a) Reference data, with the analyzed driving lane colored orange.
(b) Corresponding Roamer data. (c) Manually classified ground truth distresses from the reference data. (d) Ground truth distresses projected onto the Roamer data.

following equations:

TP
Recall = ——, ()
TP + FN
. TP
Precision = ——, 3)
TP + FP
F =2 Precision - Recall @

" Precision + Recall’

where TP (true positives) denotes the number of points
correctly classified as distress, FP (false positives) denotes
the number of points incorrectly classified as distress when
they are actually non-distress, and FN (false negatives)
denotes the number of distress points incorrectly classified as
non-distress.

C. CONVENTIONAL ROAMER MLS SYSTEM EVALUATION
FOR PAVEMENT DISTRESS DETECTION

To evaluate the capability of the conventional Roamer MLS
system in distress detection, we applied the distress detection
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algorithm validated in Section III-B to the point cloud data
acquired by the Roamer system. The same nine validation
sections, ground truth labels, and evaluation metrics from
Section III-B were used. Due to the distance between consec-
utive profiles in the Roamer system, the evaluation focused on
distresses wider than 2 cm. Because the profile spacing dif-
fered between the reference and Roamer data, the manually
classified ground truth was projected onto the Roamer point
cloud. Fig. 4(a) shows a 10-meter-long validation section
from PPS-plus data and Fig. 4(b) the corresponding Roamer
data. Fig. 4(c) shows the manually classified reference data,
and Fig. 4(d) presents the projected data.

To assess the generalizability of the Roamer system’s accu-
racy in pavement distress detection, the study was expanded
to the entire 3.2-kilometer road section (322 test sections).
On this road section, the distresses were detected by the
algorithm from the PPS-plus data to create a large ground
truth dataset of distresses with a known margin of error. The
distresses detected from the Roamer data by the algorithm
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FIGURE 5. Cross-sectional profile of the road surface (blue) vs. the reconstruction
of ideal profile (black). The dips in the blue line indicate surface distresses, such as
cracks or potholes. The ideal profile smooths out these anomalies, serving as a
reference to quantify distress depth and volume.

were compared to this large ground truth dataset for a broad
comparative analysis. This comprehensive evaluation was
necessary to ensure that the initial findings, based on a limited
number of validation sections presented earlier in this study,
could be generalized to a larger and more diverse dataset.
By doing so, the robustness and reliability of both the distress
detection algorithm and the Roamer system were thoroughly
assessed.

D. DISTRESS VOLUME AND AREA CALCULATION

For assessing the severity of pavement distress, the volume
and area of detected distresses were calculated. The volume
calculation is based on the reconstruction of an ideal pave-
ment surface without distresses. On the other hand, the area
parameter calculation is based on the formation of distress
polygons.

The distress volume calculation method utilized the profile
filtering method proposed by [21], but with specific modifi-
cations, to reconstruct an ideal pavement surface unaffected
by distresses. The modifications mainly involved multiple
iterations using varying filter orders after which an ideal
profile without distress was reconstructed, as shown in Fig. 5.
To determine the distress depth, we measured the distance
from each distress point to this ideal surface. The distress
points were then resampled to maintain uniform distance,
allowing us to compute the volume. This calculation relied
on three following parameters: the distance between the dis-
tress point and the ideal surface (depth), the distance to the
neighboring distress point (width), and the distance to the
neighboring profile (length). The volume of each distress
was obtained by summing the volumes of the corresponding
cuboids, and the total distress volume for the entire plot was
derived by combining all individual distress volumes.

In the distress area calculation method, the detected dis-
tress points were clustered based on the proximity across
neighboring scan profiles, with each resulting cluster repre-
senting a single distress object. The surface area of a distress
object was defined as the area of the polygon formed by con-
necting the outermost points of each profile inside the cluster.
In cases where a distress appeared in only a single profile with
no corresponding detection in neighboring profiles, its area
was estimated by multiplying its length along the profile by
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FIGURE 6. Visualization of detected crack points and corresponding crack
polygons. The inset provides a magnified view, clearly illustrating the relationship
between the individual crack points and the constructed polygon.

the spacing between profiles. Fig. 6 shows identified distress
points in red and the polygons created by the algorithm for
area calculation.

In this study, the accuracies of the volume and area calcula-
tions were evaluated using the following metrics: Coefficient
of Determination (Rz), Correlation, Root Mean Square Error
(RMSE), Mean Absolute Error (MAE) and Bias. Assuming
the estimated values are denoted by y;, the reference values
by y;, the mean of the reference values by y, the mean of the
estimated values by 3, and the index of each section by i, the
formulas for the accuracy metrics are as follows:

S (i =)’

S i =)
S 0i—y (91‘ - 5)
Correlation = , (6)

n =2 n a = 2
V 2 i =Yy 2 (Yi —y)
1 noo,.

RMSE = \/; Zi:l (5i — i), (M

1 i
MAE= 3" [5i—yi. ®)

. 1 .
Bias = ; Z:,:I (yl — yl) s (9)

RP=1- &)

IV. RESULTS AND DISCUSSION

A. RESULTS OF THE ALGORITHM VALIDATION USING
PPS-PLUS DATA

When applied to the point cloud data acquired by the ref-
erence system (PPS-plus), the integrated distress detection
algorithm achieved a total recall of 0.87, precision of 0.87,
and F score of 0.87 for the distresses wider than 2 cm,
indicating a high degree of accuracy in correctly identifying
distress points. The 2 cm threshold was selected to match
the detection capabilities of the Roamer MLS system, which,
due to its lower profile density, cannot reliably capture
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TABLE 1. Validation results for the distress detection algorithm based on the nine 10-meter validation sections from the PPS-plus reference dataset. algorithm-detected points
in distresses wider than 2 cm are compared to manually classified ground truth, as described in section lll-B.

Section ID TP FP FN Recall Precision F1score
1 1991 405 417 0.83 0.83 0.83
2 12707 3742 1785 0.88 0.77 0.82
3 14918 1477 1511 0.91 0.91 0.91
4 7462 1404 956 0.89 0.84 0.86
5 7170 979 852 0.89 0.88 0.89
6 1046 223 333 0.76 0.82 0.79
7 2276 391 1143 0.67 0.85 0.75
8 14190 927 1746 0.89 0.94 0.91
9 5234 782 1395 0.79 0.87 0.83
TOTAL 66994 10330 10138 0.87 0.87 0.87

TABLE 2. Vvalidation results for the distress detection algorithm based on the nine 10-meter validation sections from the PPS-plus reference dataset. algorithm-detected points
in distresses wider than 1 cm are compared to manually classified ground truth, as described in section llI-B.

Section ID TP FP FN Recall Precision F1score
1 2329 479 662 0.78 0.83 0.80
2 12927 3802 1778 0.88 0.77 0.82
3 15086 1637 1496 0.91 0.90 0.91
4 7900 1454 1378 0.85 0.84 0.85
5 7742 980 1062 0.88 0.89 0.88
6 1293 229 729 0.64 0.85 0.73
7 2753 363 2448 0.53 0.88 0.66
8 14619 864 2876 0.84 0.94 0.89
9 5816 734 2109 0.73 0.89 0.80
TOTAL 70465 10542 14538 0.83 0.87 0.85

smaller-scale surface variations. The results in detail are
shown in Table 1.

To further evaluate the algorithm’s performance in higher-
resolution conditions, we also assessed the algorithm’s
potential to detect smaller-scale distresses. This evaluation
considered all distresses wider than 1 cm. As summarized
in Table 2, this test resulted in a recall of 0.83, a precision
of 0.87, and an F; score of 0.85. These results demonstrate
the algorithm’s capability to detect finer-scale distresses with
high precision.

To assess the specific contribution of the fusion strategy,
the performance of the integrated algorithm was com-
pared against the three base algorithms individually on the
same validation dataset. The individual algorithms exhibited
distinct limitations. The surface fitting and surface rough-
ness algorithms achieved high recall rates (0.88 and 0.87,
respectively) but suffered from low precision (0.63 and
0.68), indicating a susceptibility to false positives caused
by surface texture anomalies. In contrast, the profile-based
filtering algorithm demonstrated high precision (0.94) but a
significantly lower recall (0.62).

As noted earlier (Table 1), the proposed fusion strat-
egy achieved an Fp score of 0.87, outperforming the
best individual method (surface roughness, F; = 0.76) by
approximately 14%. This improvement demonstrates that
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the voting strategy effectively mitigates the false positives
inherent to the surface-based methods while preserving
their ability to detect distresses missed by the profile-based
filtering approach.

B. RESULTS OF THE CONVENTIONAL ROAMER MLS
SYSTEM EVALUATION

The Roamer system demonstrated respectable performance
in distress detection but showed slightly lower accuracy
metrics compared to the PPS-plus results reported in
Section I'V-A. This difference is primarily due to the Roamer
system’s lower ranging accuracy and scan frequency, which
result in lower point density. The accuracy of the Roamer
system in distress detection was evaluated as described in
Section III-C. For pavement distresses wider than 2 cm, the
recall, precision, and F; score of distress detection from
Roamer data were 0.76,0.77, and 0.77, respectively (Table 3).
Despite the lower ranging accuracy and scan frequency,
the algorithm maintained reliable performance, indicating
its practical suitability for pavement distress mapping using
conventional MLS systems under field conditions.

To test the generalizability of the distress detection
algorithm applied to Roamer system data, we evaluated
322 test sections against a reference generated using the
procedure described in Section III-C. In this larger-scale
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TABLE 3. Evaluation results for the distress detection algorithm based on the nine 10-meter validation sections from the roamer dataset. algorithm-detected points in
distresses wider than 2 cm are compared to projected ground truth labels derived from the PPS-plus reference dataset, as described in section llI-C.

Section ID TP FP FN Recall Precision F1 score
1 308 42 233 0.57 0.88 0.69
2 2747 1810 633 0.81 0.60 0.69
3 3166 979 502 0.86 0.76 0.81
4 1556 456 493 0.76 0.77 0.77
5 1713 243 760 0.69 0.88 0.77
6 210 98 120 0.64 0.68 0.66
7 440 102 405 0.52 0.81 0.63
8 3861 313 954 0.80 0.93 0.86
9 1322 580 611 0.68 0.70 0.69
TOTAL 15323 4623 4711 0.76 0.77 0.77
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FIGURE 7. Scatter plots of distress volume (a) and area (b) estimates in the test sections. The grey dotted line represents a linear regression fit, illustrating the relationship

between the estimates derived from Roamer data and the reference.

evaluation, the Roamer-based results achieved an F; score
of 0.66. Correspondingly, recall and precision were 0.71 and
0.62, respectively. While the F; score was lower than that
from the nine validation sections, the results still support
robustness of the detection approach under more diverse
and realistic conditions. The reduced accuracy in this larger
dataset can be partly attributed to the nature of the reference
data, which was generated automatically rather than through
manual annotation. As described in Sections III-B and IV-A,
the algorithm used to create the reference data achieved
an F; score of (.87, indicating it introduces some level of
error. Consequently, comparisons against this reference likely
underestimate the true performance of the algorithm, espe-
cially when compared to the manually annotated reference
used in the earlier validation.

C. VOLUME AND AREA CALCULATION FOR PAVEMENT
DISTRESSES

The evaluation of distress volume calculations across the
322 test sections showed a strong correlation of 0.96 and an
R? 0f 0.93 between the Roamer and reference data (Fig. 7(a)).
The RMSE was 7.21 dm?, the MAE was 3.67 dm?, and the
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bias was 3.16 dm?>. On average, the Roamer-based detection
overestimated the distress volumes.

In comparison, when focusing on the distress area, the
Roamer data showed a good correlation of 0.88 and an R? of
0.77 against the reference data. The metrics also showed an
RMSE of 0.46 m?, a MAE of 0.28 m?, and a bias of 0.22 m?.
Similarly, the Roamer-based detection tended to overestimate
the distress area. Results are visually presented in Fig. 7(b),
where scatter plots and fitted regression lines illustrate the
relationship between the estimation results from Roamer and
reference data for both volume and area.

The lower R? value for area (0.77) compared to vol-
ume (0.93) is primarily due to the algorithm’s dependence
on geometric elevation differences. Small or shallow dis-
tresses, typically characterized by small elevation changes,
are more likely to be missed or incompletely captured,
which disproportionately affects area calculations. In con-
trast, volume calculations are less sensitive to the exclusion
of points from these minor distresses or to false positives,
since such points typically contribute very little to total vol-
ume due to their negligible depth. Therefore, despite some
limitations in detecting low-severity features, the Roamer

VOLUME 7, 2026



IEEE Open Journal of
Intelligent Transportation
Systems

TABLE 4. Volume and area lation metrics b 1 roamer and reference data.

R?> Correlation RMSE MAE Bias
Volume 0.93 0.96 721dm? 3.67 dm?® 3.16 dm’
Area 0.77 0.88 046 m> 028m?> 022m?
el ;...,";.a .........
L ] L S ¢ *
R2=0.74

¢ Test sections

--------- Logarithmic trendline

0 20 40 60 80 100 120
Distress volume for each sections (dm?)

FIGURE 8. Relation between total distress volume in each test section from
reference system and corresponding Fq scores, showing a positive logarithmic trend.

system remains reliable, particularly for distress volume
evaluations.

A summary of the results, including correlation, R? values,
RMSE, MAE and bias for both volume and area calculations
is shown in Table 4. The table consolidates the key metrics
and highlights the consistent performance of the Roamer
system across all test sections.

To better understand the factors influencing distress detec-
tion performance, further analysis was conducted to examine
the relationship between distress volume and the F; score.
Fig. 8 illustrates the relationship between the pavement dis-
tress detection F score identified by Roamer data and the
total volumes of distresses detected with the reference data
in each test section, showing a positive logarithmic trend
with an R? value of 0.74. This correlation highlights the
improved performance of the algorithm as the distress volume
increases.

As shown in Fig. 8, sections with lower total distress vol-
umes tend to correspond with greater variability in F scores,
indicating the challenge of detecting shallow or low-severity
distresses. This pattern further highlights the algorithm’s lim-
itations in handling minor elevation changes, which may also
fall below the scanner’s detection threshold or be filtered
out during preprocessing. However, the overall performance
confirms the system’s reliability for volume estimation under
practical road conditions.

D. FURTHER DISCUSSION ON DISTRESS ESTIMATION

The main objective of this study was to assess the capabil-
ity of a conventional MLS system, such as Roamer-R4DW,
to detect pavement distresses using a refined, novel
algorithm. The results across validation and test sections
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demonstrated that, despite the limitations of conventional
lower-resolution MLS data, the algorithm performed reliably
in both distress detection and quantification tasks. The study
also confirmed that high-quality reference data plays a crucial
role in establishing accurate ground truth, which is essential
for validating detection performance.

While the detection algorithm showed reliable perfor-
mance, some challenges emerged in the evaluation process.
One challenge involved the detection of shallow distresses
during manual annotation. In the high-accuracy reference
system, these features could still be identified using a combi-
nation of elevation and intensity information. However, due to
their minimal elevation contrast, they were difficult to distin-
guish using geometric information alone. In addition to this
technical limitation, a further challenge was the subjectivity
involved in manually inspecting and labeling distress points,
particularly at the boundaries of distresses. Inconsistencies
in defining the exact edges can affect width and area mea-
surements, which, in turn, influence evaluation metrics such
as the F| score. This highlights the need for more objective
and standardized annotation practices, possibly supported by
semi-automated labeling tools or clearer visual guidelines.

One of the key considerations in designing detection sys-
tems for road maintenance is the trade-off between false
positives and false negatives. Our two-out-of-three fusion
strategy (Eq. 1) was selected to optimize for a balanced F
score, a common metric for algorithm benchmarking. While
this approach increases precision, it can also raise the risk of
false negatives, which may be problematic in safety-critical
applications. However, it is important to note that because all
three underlying algorithms are strongly relying on geometric
features, this risk is mitigated for the most significant distress
types. Structurally critical distresses, such as wide cracks
and potholes, produce robust geometric signatures that are
likely to be detected by at least two algorithms. Therefore,
the false negatives introduced by the two-out-of-three system
are more likely to be shallow, low-severity features rather
than major structural faults. Furthermore, this decision-level
framework is tunable without any architectural changes: a
one-out-of-three configuration can be used to prioritize recall
and minimize false negatives, while a three-out-of-three con-
figuration can maximize precision. This flexibility allows
the system to be adapted for different operational needs.
Future research could explore more advanced decision-level
fusion techniques, such as weighted voting or analyzing the
precision-recall curve of the underlying algorithms to select
the optimal detection balance.

The geometric parameters and voting logic of the proposed
method also impose specific constraints on the detection
of large-scale distresses. Specifically, the surface fitting
algorithm utilizes a 50 x 50 cm fitting window; if a distress
significantly exceeds this dimension, the reference surface
may fit to the bottom of the distress. However, due to the
overlapping processing strategy, adjacent windows inevitably
span the distress boundary. Similarly, the surface rough-
ness algorithm may classify a wide, flat distress bottom as
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non-distress. Consequently, very large potholes (e.g., >50 cm
in both horizontal directions) may result in a ‘donut effect’,
where the boundaries are robustly detected by overlapping
windows, but the center is missed. However, this study
focused on paved roads where maintenance standards typ-
ically prevent such large failures; the possible limitation in
detectable distress size is unlikely to affect overall detec-
tion accuracy. Moreover, future research could address this
limitation using adaptive window sizing.

Similarly, distress detection at the lane boundary is chal-
lenged by the absence of adjacent pavement data beyond the
lane edge for reference surface construction. While this study
mitigated this using a 20 cm processing buffer, future appli-
cations could leverage the Roamer system’s full 360-degree
field of view to process the entire measurable pavement width
for valid surface generation, subsequently clipping the results
to the specific area of interest.

The edges of non-distress features, such as painted road
markings or surface patches, were occasionally misidenti-
fied as distresses due to local elevation differences, further
complicating the detection process. These issues underline
the importance of refining the algorithm to better distinguish
between true distress and surface artifacts, possibly by incor-
porating object-based classification approaches. However,
this high sensitivity to minor elevation changes also presents
a valuable opportunity: the same data could be leveraged
to quantify the thickness and degradation of road markings,
providing another key metric for maintenance planning.

The current limitations in point density and ranging accu-
racy of the Roamer system directly impact the reliable
detection of small or shallow distresses, a key consideration
for operational settings. The scanner’s ranging accuracy of
5 mm with 3 mm precision means that shallow distresses may
be obscured by the system’s inherent measurement noise. If a
distress feature’s depth is in the same order as the scanner’s
accuracy, it becomes geometrically difficult for the algorithm
to distinguish it from the non-distressed pavement surface.
However, these features might still be identifiable using the
scanner’s intensity data.

Furthermore, the along-track profile spacing of 4-5 cm
in the Roamer system, dependent on driving speed, poses a
significant challenge for detecting narrow distresses. Narrow
transverse cracks can be missed entirely if they happen to fall
between consecutive scan profiles. This limitation is implic-
itly acknowledged in our evaluation (Table 3 ), which focused
on distresses wider than 2 cm, as the detection of narrower
features is inherently unreliable with this system configu-
ration. These limitations underline that while the Roamer
system is effective for more significant pavement distresses,
its operational use requires accepting a lower detection
rate for fine-scale distresses. Future improvements, such
as the adoption of dual-scanner setups or next-generation
LiDAR systems, would directly address these challenges by
significantly improving point coverage and geometric preci-
sion, enabling more accurate and comprehensive pavement
condition assessments.
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Pavement distresses directly influence driving comfort and
safety. Accurate detection of such distresses is fundamen-
tal for reliable pavement condition evaluation and further
maintenance planning. This study specifically focuses on the
detection and accuracy assessment of pavement distresses
using 3D point cloud data, rather than a comprehensive pave-
ment condition evaluation, which would typically involve
assessing damage type, severity, or analyzing its causes.
The proposed method and system enable precise identifica-
tion and characterization of pavement distresses, providing
essential quantitative indicators (e.g., volume, area, depth
and width) for subsequent condition assessment and man-
agement. Future work should integrate these detected distress
metrics into comprehensive pavement condition assessments.
This is crucial, as each country maintains its own stan-
dards for detailed damage assessment and subsequent road
maintenance protocols.

V. CONCLUSION

This study quantitatively evaluated the capability of a conven-
tional MLS system, capable of mapping both the road surface
and surrounding environment in 3D, for pavement distress
detection. The evaluation followed a three-stage approach:
algorithm validation using high-accuracy PPS-plus data, per-
formance testing on conventional MLS system data, and a
larger-scale generalization analysis. The focus was on both
detection accuracy and the estimation of distress volume and
area.

The algorithm, refined from previous work [22] demon-
strated strong performance when it was validated on PPS-plus
data. When applied to nine manually annotated 10-meter-
long validation sections, the algorithm achieved an F score
of 0.87, with precision and recall values of 0.87 each for
detecting distresses wider than 2 cm. In an additional test,
the algorithm was evaluated on detecting all distresses wider
than 1 cm and maintained high performance, achieving an
F score of 0.85.

We then applied the validated algorithm to data acquired
by a conventional Roamer MLS system and compared the
outputs to the same high-accuracy manual reference used
in the PPS-plus evaluation. Despite the lower point density
and ranging precision of the Roamer system, the algorithm
achieved an Fp score of 0.77 (precision 0.77, recall 0.76),
demonstrating solid performance across all nine 10-meter-
long validation sections.

To assess generalizability, we extended the evaluation to
a 3.2-km road segment divided into 322 10-meter-long test
sections. In this larger-scale comparison, where the reference
was algorithm-generated from PPS-plus data, the Roamer
system achieved an F score of 0.66, with a recall of 0.71 and
precision of 0.62.

In addition to detection accuracy, we evaluated the Roamer
system’s ability to estimate distress volume and area. The
R? was 0.93 for volume and 0.77 for area, indicating a high
level of consistency with the reference data. For volume,
the RMSE, MAE, and bias were 7.21 dm?, 3.67 dm?, and
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3.16 dm?, respectively. For area, the RMSE was 0.46 m?, the
MAE was 0.28 m2, and the bias was 0.22 m?.

These findings confirm the effectiveness of the proposed
algorithm and demonstrate the capability of conventional
MLS systems, such as the Roamer-R4DW, to reliably detect
and quantify pavement distress, even when operating at a
lower resolution compared to high-accuracy reference sys-
tems. As MLS systems continue to evolve and become
more accessible, the ability to detect smaller distresses will
improve, supporting broader applications in data-driven road
infrastructure monitoring. The results of this study empha-
size the evolving nature of MLS-based distress detection
and point to a future where technological improvements and
methodological refinements converge to enable more accu-
rate and efficient pavement evaluations as part of the full road
environment mapping.
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