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Abstract

The effective management of municipal road infrastructure requires up-to-date, standard-
ized and reliable condition information to support sustainable maintenance. While visual
road-condition assessment methods based on established standards are widely applied to
municipal roads, they remain largely manual, time-consuming, costly and subjective. This
study presents an end-to-end workflow for the automated visual inspection and condition
assessment of municipal road infrastructure using high-resolution, 3D street-level imagery
acquired by professional mobile mapping systems. The proposed approach integrates
an efficient preprocessing pipeline for precise road-surface extraction with deep learning
models trained for the specific task and an advanced postprocessing method for robust
results aggregation. For this purpose, a large dataset covering approximately 352 km of
municipal roads across eight municipalities was created by combining street-level imagery
with expert-annotated road-condition index (RCI) values. Two neural network variants
were implemented: a regression model predicting standardized RCI values and a binary
classifier distinguishing between roads requiring maintenance and those in good condi-
tion. To ensure decision-oriented outputs at the infrastructure-asset level, frame-based
predictions are aggregated into homogeneous road segments using outlier detection and
change-point analysis along the road axis. The regression model achieved a mean absolute
error of 0.48 RCI values at frame level and 0.40 RCI values at road-segment level, outper-
forming conventional inter-expert variability, while the binary classification model reached
an Fl-score of 0.85. These findings demonstrate that Al-based visual road-condition as-
sessment using professional mobile mapping data can provide accurate, standardized and
scalable condition information for municipal road infrastructure. The proposed workflow
supports maintenance prioritization and infrastructure management decisions without
requiring explicit detection of individual pavement defects, offering a practical pathway
toward automated, cost-effective road-condition monitoring.

Keywords: pavement condition assessment; convolutional neural network; deep
learning; road infrastructure management; mobile mapping; street-level imagery; RGB-D;

3D image spaces

1. Introduction

As urbanization accelerates and infrastructure networks age, ensuring the safety,
reliability and longevity of critical assets such as bridges, tunnels and utility networks has
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become increasingly important. Efficient infrastructure management is essential not only
for public safety and economic stability, but also for achieving long-term sustainability goals.
Among the various infrastructure domains, road networks play a particularly vital role.
However, while well-maintained roads are vital for public safety and the economy, they
impose a significant financial burden that demands innovative solutions. Consequently,
resource-efficient maintenance relies on up-to-date, comparable, reproducible and cost-
effective condition data [1].

Numerous organizations are responsible for the maintenance and development of
road infrastructure, basing their management strategies on established standards. These
standards typically classify pavement-condition indicators into two categories: visual
assessments for surface damage and measurement-based evaluations of geometric charac-
teristics. The latter requires sophisticated and costly equipment, such as skid resistance
testing machines or laser-based longitudinal profile measurements [2] and is standardized
primarily for high-speed roads, such as highways and interurban routes. Applying these
measurement methods to municipal road networks, which have vastly different structural
and operational characteristics, is often impractical and not economically feasible. In con-
trast, standardized visual road-condition assessment methods can be more easily applied
to municipal roads, which represent the majority of road networks (between 65% and 80%
in most countries) and play a critical role in supporting public transport, private motorized
transport, cycling and slow traffic [3-6].

Traditionally, these visual inspections were conducted on-site by experts. Recent
advancements in image-based mobile reality capture techniques and cloud technologies
have enabled the virtual digitization of such infrastructure using street-level image-based
infrastructure management services [7]. However, despite these technological advances,
the process remains heavily dependent on manual interpretation, which is time-consuming,
resource-intensive and prone to subjectivity. Given the scale and importance of municipal
road networks, there is a clear need for automated approaches that can leverage widely
adopted professional mobile mapping data. Such methods, in particular deep learning
(DL) approaches, could provide a scalable, cost-effective and standardized alternative to
traditional interactive image or video analysis by human operators, while still meeting all
the requirements for reliable road-condition information.

Our paper investigates the use of 3D street-level imagery from high-end mobile
mapping systems (MMSs) for a robust and accurate Al-based assessment of visual road
conditions for municipal road networks and features the following main contributions:

e A framework for mapping 3D imagery to object space, featuring an automated process
that isolates the road surface by using depth filtering and a 5D clustering algorithm to
remove interfering objects.

e A neural network architecture adapted to the specific task of visual road-condition
assessment providing a choice of regression RCI or binary classification (road good or
poor) output.

e A dataset based on 352 km of municipal roads with professional 3D street-level images
and RClIs labelled by experienced road maintenance experts.

e A process for aggregating ‘per frame” RCI into ‘per segment” RCI with a process
for automatically detecting irregularities in road conditions and for building road
segments with homogenous health conditions.

e An output which is fully conformant with established European road-condition stan-
dards together with a set of quality indicators to allow road-condition experts to
evaluate the quality of the binary classification and of the RCI regression.
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2. Related Work

Many existing approaches to visual road-condition assessment focus exclusively
on detecting a limited set of asphalt defects, often restricted to cracks, while neglecting
the broader context of pavement condition [8-11]. Although valuable, these individual
localized defects do not represent overall infrastructure health. As a result, the assessments
are often fragmented, producing extensive defect-level outputs that are difficult to interpret
and are only partially aligned with standardized evaluation frameworks [12,13]. To support
effective infrastructure management and informed decision-making, a more holistic and
integrative approach is essential.

A major challenge in this context is the collection and creation of datasets with suffi-
cient scope and quality, as well as the availability of reference data based on established
standards. The potential of DL approaches in this field has led to the development of
various publicly available datasets. One of the most well-known datasets for damage
detection is the German Asphalt Pavement Distress Dataset (GAPs), created by [14] and
later extended by [15]. This dataset contains data collected on German national roads
using a specialized measurement vehicle with a top-down-perspective view and labelled
according to German standards [16]. While datasets like the GAPs adhere to standard-
ized data collection and labelling practices, other datasets with perspective images do
not follow any standards. These datasets are often created using low-cost data collec-
tion methods and lack the advantages of standardized, accurately georeferenced mobile
mapping data [12,13,17,18]. Despite its strengths, the GAPs also has its limitations. The
cost-intensive acquisition setup makes it economically feasible only for highways and
interurban roads, where data can be gathered efficiently at higher speeds. Moreover, the
top-down imaging configuration is optimized for patch-based surface distress detection
but cannot be easily extended to further tasks. Table 1 provides a comparison of the main
publicly available road-condition datasets. The table highlights their focus on tasks such
as individual damage detection, pixel-level segmentation, or patch-based classification,
while underscoring the current lack of standardized datasets designed for comprehensive,
network-level road-condition evaluation.

Table 1. Comparison of publicly available datasets for pavement-condition evaluation. Task: damage
detection (D), damage segmentation (S), patch classification (C). Road types: Highway (H), interurban
road (IR), municipal road (MR).

Dataset Size V.1ew1.ng Data Collection Road Task Damag.e
Direction System Types Categories
GAPs v2 Specialized
[15] 2468 Top-down vehicle H, IR D, C 5
Crack 500 500 Top-down Low-cost MR S Cracks
[19] camera
RDD2022 47,420 Forward Low-cost on-board IR, MR C.D 4
[12] camera
NHA12D 30 Forward, Spec1a'hzed H D,S Cracks
[8] top-down vehicle
On-board
[CZISI]RDD 4319 Forward high-resolution H C 8
camera
SVRDD 844,432 Forward, 360° roof-mounted H, IR, MR D 6
[13] top-down camera

Most approaches based on the datasets in Table 1 do not follow established standards
for road-condition assessment, which have been developed, validated and refined over
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decades. Aligning new assessment methods with such standards is crucial for ensuring
broader acceptance in the industry. Most standards distinctly separate visual condition
assessment from geometric condition evaluation, primarily because geometric indicators,
such as skid resistance or longitudinal evenness, are less applicable or more difficult
to interpret in local or municipal road networks. For instance, evaluating longitudinal
evenness on municipal roads requires accounting for traffic-calming measures and applying
reduction factors due to the lower speed limits (typically below 50 km /h), which not only
reduces the reliability of the results but also increases the time and complexity of the
evaluation process. Consequently, the assessment of municipal road networks can focus
primarily on an evaluation of the road surface based on a visual assessment.

European standards were originally designed for highways and interurban roads,
where RCl is typically calculated on a 0.0 to 5.0 scale with a precision of 0.1. The results are
subdivided into five main condition classes and incorporated with geometric indicators
for the final evaluation [16,21-23]. Outside of Europe, the pavement-condition index (PCI),
standardized under the American Society for Testing and Materials standard [24], is widely
used. It is based solely on visual assessment and scaled from 0 (failed) to 100 (new road),
categorized into seven condition classes. Similarly, the Australian standard for visual
road-condition assessment focuses primarily on assessing various pavement distresses
based on their severity and extent and aggregating them into an RCI [25]. However,
unlike the American PCI, the Australian RCI follows a scale similar to European standards,
subdividing the score (0.0-5.0) into five condition classes (Table 2). To capture geometric
characteristics, both the American PCI and the Australian RCI must be complemented by
additional indicators, such as the International Roughness Index (IRI), which is defined by
a separate standard [26].

Table 2. Comparison between American PCI and European/Australian RCI rating scales for road-

condition assessment.

Road

Very

Condition Excellent Good Fair Poor Poor Serious Failed
US PCI 100-86 85-71 70-56 55-41 40-26 25-11 10-0
rating scale
EU/AURCI >0 & <1.0 ‘ >1.0 & <2.0 ‘ >2.0<3.0 ‘ >3.0 & <4.0 ‘ >4.0 & <5.0

rating scale

Despite regional variations, all standards emphasize weighting distress types accord-
ing to their structural relevance and require the evaluation of both severity and extent.
Although the numerical RCI value ranges remain consistent within each standard, the
labelling and numbering of condition classes may differ depending on national reporting
conventions. Today, however, such in-person inspections are increasingly being replaced
by virtual inspections based on mobile mapping data. This shift has improved scalability,
accessibility and the potential of an automated pavement-condition evaluation.

3. Materials and Methods

The use of perspective 3D street-level imagery from high-end MMSs with depth in-
formation from stereo matching or LiDAR fusion promises several advantages. However,
since no datasets with the required characteristics existed, a suitable dataset first had to
be created. The overall workflow with the main materials and methods of our investi-
gations with the respective sections of the paper are illustrated in Figure 1. The main
aspects include:
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Data acquisition

Data preparation

e  The data acquisition (Section 3.1) with a description of the main characteristics of the
high-end mobile mapping data and cadastral road delineation data together with the
expert RCI labelling process.

e  The data preparation (Section 3.2), including the isolation of the road surface in the
3D imagery and the removal of interfering objects using a 5D clustering process.

e  The description of the training and evaluation dataset together with the neural network
architecture for RCI regression and binary classification in Section 3.3.

o The postprocessing steps in Section 3.4 aggregating the ‘per frame’ RCI predic-
tions of the neural network (NN) into RCI values for contiguous and homogeneous
road segments.

e  Finally, the evaluation and refinement of the results in Section 3.5.

Dataset and NN

Postprocessing Evaluation and

(3.1) (3.2) architectures (3.3) (3.4) refinement (3.5)
Regression . ;
nework . Agremtonno |
L Road e pormtectre T o stamans |
extraction (per p 3 Evaluation Final results
frame) 1 ] & quality — (@IS)
4 ! i assurance
Manual RCI | Removalof | patacet with RCI § i
labeliing it '““)%Efc'i'gg ~—  annelations it ¥ |
N ‘ ked fr X h
Kgi)?y%mgg | ! Road surface (per frame) s b _
b data Iterative
n preparation rgwtew %
= er segment; : atase
Cadastral road |: " D apioctina RETETE
ral roa i
delineation data ¥ (per frame RCI

on g |

Figure 1. Overview of the proposed workflow for Al-based visual road-condition assessment with
the main materials and methods and their respective sections in this paper (data set in dark grey and
processes in light grey).

3.1. Data Acquisition

Precise georeferenced 3D street-level imagery forms the foundation of our proposed
solution. For the development and training of the RCI-regressor network, labelled RCI
values for street segments are also of great importance. To this end, the available data in-
clude approximately 352 km of asphalted roads across eight municipalities, annotated with
expert-assessed RCI values. In total, around 65,000 images along with the corresponding
RClI labels were preprocessed as described in Section 3.2.

3.1.1. Mobile Mapping System and Data

Vehicle-based MMSs are commonly used for efficient infrastructure management
along road corridors spanning entire cities or states. For our investigations, we used
street-level imagery captured by iNovitas (iNovitas AG, Baden-Déttwil, Switzerland)
provided as a cloud-based infrastructure platform. At the time of the study, their fleet of
mapping vehicles (Figure 2) featured a multitude of mapping sensors: three high-resolution
(16 MP) stereo camera systems and a multi-head panorama camera, a Ladybug5 (Teledyne
DALSA, Waterloo, ON, Canada) with a resolution of 5 MP per camera head, all mounted
on the roof of the system (Figure 2). Additionally, a high-end profile LIDAR scanner was
attached to the rear of the car. The three stereo systems were arranged in three different
viewing directions: the main system facing forward and the other two facing the back-right
and back-left respectively (see Figure 2). During data acquisition, all camera systems
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were triggered simultaneously based on a distance criterion, ensuring a spacing between
consecutive images of 4 m.

Be on site

w‘wt/tunfraBD

Figure 2. MMS and sensor configuration employed for the data collection campaign.

For georeferencing, the MMS combines a geodetic GNSS receiver and a tactical-grade
IMU. Direct georeferencing using INS and GNSS sensor data fusion [27] is the standard geo-
referencing procedure in outdoor, vehicle-based mobile mapping applications. However,
even direct georeferencing with high-end sensors can be affected by positioning errors of
up to several metres due to multipath effects and GNSS signal obstructions [28]. To ensure
homogenous georeferencing accuracy within the whole mapping perimeter, an integrated
georeferencing approach based on GCPs is employed [29]. This approach allows for precise
co-registration of mobile mapping data with cadastral data, even if local distortions in
the geodetic reference frame are present [29]. By using optimally distributed, RTK-GNSS-
determined GCPs, the final image poses are guaranteed to have a positional error of less
than 10 cm.

This process yields precisely georeferenced 3D image spaces (RGB-D images) [7] along
the entire mapping trajectory at an average interval of 4 m. Depth maps are computed for
all camera systems. By employing a proprietary stereo-matching and depth-completion
process, the depth maps for stereo images are computed and completed in areas with
low image texture. The depth map completion process involves filling and filtering holes
by reprojecting the LiDAR point cloud into the images via known camera poses and
camera intrinsics.

After evaluating the available camera systems, the panoramic camera was excluded:
its central roof mounting, large vertical field of view and lower geometric resolution lead
to insufficient road-surface coverage. The rear-facing stereo systems, while ideal for asset
management, were also excluded, since they capture only small portions of the road. In
contrast, the front-facing stereo system provides high geometric resolution and, with a
horizontal field of view (FOV) of 96°, the left camera covers the road surface optimally.
Due to the sensor mounting, the road surface is visible from a depth of more than 3 m. The
sensor setup yields ground sampling distances (GSD) between 1.5 mm and 4.1 mm on the
road surface for image depths between 3 and 10 m.
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3.1.2. Manual RCI Labelling

Assessing the visual condition of municipal road networks is currently a manual pro-
cess. Due to the inherent complexity caused by various damage patterns and the necessary
understanding of the structural interrelationships of roads, road-condition assessments
must be carried out by domain experts. However, domain experts do not directly assign
RCI to road segments. Instead, they gather information about the presence and frequency
of relevant damage patterns, from which the RCI of a road segment is calculated according
to established standards. In this study the European RCI convention is applied; RCI values
increase monotonically with pavement deterioration. Each segment represents an area
with a homogenous RCI, although different damage patterns with varying distributions
can occur in a segment. However, segments are not only formed by homogeneous RClIs,
but also by additional information. In addition to administrative divisions such as street
names, changes in traffic load categories, in particular, lead to new segments, regardless of
the RCI, because varying traffic types and intensities lead to different levels of wear over
time and therefore to different maintenance measures.

Traditionally, road conditions were assessed on-site by inspecting the entire road
network. Recently, professional street-view services have been employed to enable a
virtual assessment process. Such services have the advantage of being weather- and
time-independent. Viewpoints and zoom can be changed instantly, enabling a detailed
inspection of areas of interest with little effort. Additionally, contrast and brightness can
be adjusted and tools such as cross-section analysis can be used, allowing for a detailed
analysis of visual road conditions.

To create an effective dataset for a DL-based road-condition assessment, senior domain
experts selected representative municipalities across Switzerland. They manually labelled
four entire municipalities in a standardized fashion using the street-level service infra3D,
with identical imagery used for the Al-based assessment. To address the rare occurrence
of ‘very poor’ to ‘failed” RCI classes in Switzerland, a targeted assessment of selected
roads with poor to very poor conditions in four additional municipalities was added.
Since municipal road networks are often not assessed by the same expert, the inter-expert
variability was evaluated in collaboration with the experts. This variability was empirically
determined to correspond to half an RCI class (£0.5).

To facilitate the interpretation of the road-condition assessments, the road network is
subdivided into segments (see Figure 3). A segment typically represents a road between
two network nodes, such as intersections, crossroads, or roundabouts. Segment lengths can
vary, and in many cases, the RCI values differ significantly within a single segment due
to different maintenance schedules. In such cases, domain experts further subdivide the
segment into smaller portions that exhibit relatively uniform RCI values. This refinement
provides a clearer overview of which and when specific road segments require maintenance
actions. The assessment results are stored as 2D polylines in a GIS-Layer, as shown in
Figure 3, together with additional attributes about the occurrence and frequency of relevant
damage patterns.

https:/ /doi.org/10.3390/infrastructures11030090
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RCI label

\

Figure 3. Typical GIS dataset with RCI classes 1-5 assigned to individual road polyline segments
with homogeneous health characteristics. The class intervals for the RCI are left inclusive: [0.0, 1.0);
[1.0, 2.0); [2.0, 3.0); [3.0, 4.0); [4.0, 5.0].

3.1.3. Cadastral Road Delineation Data

To support the automatic extraction of road surfaces from the mobile mapping imagery,
an additional geospatial dataset was integrated and preprocessed. In this context, the
official Swiss cadastral land-cover data, publicly available geodata describing both artificial
and natural surface types, were used. These data are regularly updated by a nationwide
network of licenced professionals and provide positional accuracies ranging from 0.2 m
in urban areas to 1.5 m in mountainous regions. From the available land-cover classes,
the category representing roads and paths was selected. This class includes all drivable
and walkable paved public surfaces but excludes sidewalks. The selected data were then
preprocessed as described in the following sections to extract the road surfaces from the 3D
street-level imagery.

3.2. Data Preprocessing

The street-level imagery used in our study is of general purpose and covers not just the
road surface but the entire streetscape. This also includes vehicles, pedestrians, temporary
objects, safety infrastructure, etc., which obstruct the view of the road surface and thus pose
potential problems for the training and inference of NNs. For accurate pavement evaluation,
it is essential to extract only the relevant and unobstructed road surface portions. This
subsection covers the data preprocessing steps to remove all non-road-surface information
from the imagery and for assigning the correct RCI value to each image. For privacy and
data protection reasons, vehicles and pedestrians are already anonymized (blurred) in the
street-level imagery. The masks resulting from the anonymization process were used to
completely remove the elements from the imagery.

3.2.1. Road-Surface Data Preparation

Since the RCI annotations were provided as 2D polylines per road segment, assigning
the correct RCI value to each image in the dataset requires a precise definition of the
road-surface area. To achieve this, we utilize the official Swiss cadastral land-cover data
as a reference for delineating road surfaces in the imagery. The subdivision process is
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supported by a series of spatial analysis operations depicted in Figure 4: first, the annotated
polylines (blue lines in (a)) are buffered to generate polygonal road segments, which ensures
sufficient coverage around the centerlines (cyan areas in (b)). These buffered geometries
are then clipped with the cadastral land-cover data (orange areas in (a)) to accurately
match the official road extents and to exclude unwanted or non-relevant areas, such as
private driveways or off-road areas (c). Finally, the resulting road surfaces are subdivided
according to the annotated segments, with the corresponding RCI values assigned as
attributes. This approach allowed the subsequent extraction of the relevant road portions in
the mobile mapping images, while enabling seamless integration with the RCI annotations.

/@ RCI annotation segment "_4 i RCI annotation segment
Road surface (land cover data) | Buffered RCI annotation segment S g B Generated road segment area with RCI

(@) (b) (©)

Figure 4. Road segment preparation steps using spatial analysis: (a) initial data, (b) buffered
RCI annotation polylines, (c) clipped road surfaces with RCI annotation using land-cover data.
Orthophoto: Federal Office of Topography swisstopo.

3.2.2. Road-Surface Extraction in Image Frames

For each road area obtained from the previous step, the images within a buffer of
15 m are selected. Using the available depth maps, the known intrinsics, and the precise
camera poses, we construct a point cloud in the superordinate coordinate system for each
image. As mentioned in Section 3.1.1, we only consider road surface up to 10 m distance.
Hence, depth values larger than 10 m are neglected. The point cloud is then filtered by the
2D road area from the previous step and reprojected into the image space, resulting in a
mask representing the relevant road surface. This ensures the only the relevant pixels are
presented to the neural network.

3.2.3. Removal of Interfering Objects

Objects such as safety infrastructure, e.g., traffic islands and bollards, and temporary
objects, e.g., construction-site barriers, children’s toys, garbage, or simply vegetation
reaching into the road, are not filtered out by the previous step. Since they are not very
frequent, it cannot be expected that the regressor can adequately ignore them. To remove
these remaining interfering objects, we construct a point cloud via known intrinsics and
the depth map filtered by the mask computed in the previous step. Subsequently, for
each point, a normal vector is computed. We expect the camera viewing direction to be
approximately parallel to the road surface. Thus, we remove all points with normal vectors
that differ more than 45° from the up vector. Additionally, all points above the camera are
removed as well. This allows us to filter trees or foliage overarching streets. Finally, we
perform DBSCAN clustering [30] to remove the last interfering objects present. Due to the
highly variable point density caused by the combination of the perspective sampling of the
camera and its mounting (see Section 3.1.1), DBSCAN clustering fails when applied to the
point cloud directly. This means that the global density criterion of the DBSCAN algorithm
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is easily met by points close to the camera, while it is more difficult or impossible to meet
for distant points. To mitigate this problem, to each point we add its image coordinates
(u,v) scaled by the maximum GSD of 4.1 mm. The maximum GSD is computed by the
known camera intrinsics, the relative orientation of the camera to the street surface and the
maximum depth of 10 m. The radius ¢, that is used to count the number of neighbouring
points, is computed in this five-dimensional space, enforcing vicinity both in image space
as well as in the point cloud.

After filtering all interfering objects in the point cloud, we reproject the points into
image space to obtain a mask. Small holes measuring less than 1000 pixels are not consid-
ered disruptive objects, but rather noise-affected depth values that have been incorrectly
removed or entirely missing depth values. Thus, those holes are filled via morphological
filtering to obtain a more consistent mask. The threshold of 1000 pixels was determined
empirically, based on the observation that holes in the mask usually comprise of up to
500 pixels.

3.3. Dataset and Neural Network Architectures

To automatically assess road condition from mobile mapping imagery, we designed
a tailored DL architecture. The following subsections outline the neural network archi-
tectures, the chosen loss functions and the evaluation metrics. The architecture builds
on a convolutional backbone combined with a regression head to predict continuous RCI
values and a variant adapted for binary classification. The second part explains in detail
the chosen loss functions for robust optimization and the adopted evaluation metrics for
performance assessment.

3.3.1. Neural Network Dataset

The prepared dataset includes approximately 65,000 mobile mapping frames, featuring
diverse characteristics such as road widths, markings and lighting conditions. To ensure
consistency with established standards, all data were collected under favourable weather
conditions, with dry pavement surfaces free of foliage or debris. The integrated annotations
include all five European RCI classes from 0.0 (excellent pavement condition) to 5.0 (very
poor pavement condition) with a resolution of 0.1 RCL. Figure 5 (top) shows the distribution
of annotations at this 0.1 RCI-class precision. The RCI labels are defined at road-segment
level, with segment lengths varying across the dataset. The segment length distribution
exhibits a first quartile of 91 m, a median of 137 m, and a third quartile of 180 m, with
lengths ranging from 50 m to 450 m. When these frame labels are assigned to individual
frames and grouped by RCI class (Figure 5, bottom), it is evident that the first four condition
classes are well represented, whereas the fifth class (RCI > 4) exhibits a significant imbalance.
To mitigate this imbalance, data augmentation techniques, specifically horizontal image
flipping, were applied to increase the representation of the fifth class. To ensure the
independence of model evaluation, the road segments in the dataset were partitioned into
three balanced subsets: 70% for training, 15% for validation and 15% for evaluating final
model performance.
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Number of frames per RCI class

Frequency RCI value

20,000

15,000

10,000

5000

2 3
Road Condition Index (RCI)

Figure 5. Detailed distribution in increments of 0.1, corresponding to the maximal resolution of the
label data (top) and dataset distribution grouped by RCI class (bottom).

3.3.2. Neural Network Architecture

The proposed neural network architecture is based on convolutional neural networks
(CNNSs), with an enhanced regression tail composed of two fully connected layers (Figure 6)
using a rectified linear unit (ReLU) activation function and dropout regularization. CNNs
are well-suited for image-based tasks due to their ability to process variable-sized inputs,
unlike traditional fully connected networks that require fixed input dimensions. This
flexibility was particularly beneficial for our task and dataset, as the road-surface extraction
process during preprocessing generates images with varying dimensions. In addition, the
regression tail enables the network to directly output the RCI.

Regression tail
—

Qi @ r{RrRcI=11

Encoder
Avg pool
!

Image size 315 x 1260 pixels 512 256 1
3

Figure 6. Simplified architecture of the CNN backbone combined with the enhanced regression
tail for direct RCI prediction inclusive of the number of channels resulting from each step (Fully
Connected layer in green; Average Pooling layer in orange; Encoder backbone in blue).

To identify the most suitable baseline, we evaluated several CNN backbone families
and depths: VGG11 [31], DenseNet121 [32], MobileNet V3 [33], Inception V3 [34], ResNet18,
ResNet50, and ResNet101 [35], and ResNeXt50 [36]. Given the proven generalization
capabilities of CNNs across different tasks, we adopted a transfer learning approach,
utilizing ImageNet-pretrained weights [37] for all backbones to accelerate convergence
and improve performance. A key consideration after this step was the mismatch in aspect
ratio and resolution between ImageNet’s standard square input size (240 x 240 pixels)
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and the preprocessed road images, which are rectangular, with an average resolution of
840 x 3360 pixels. To address this, we systematically trained the model using a range of
image scales, from 630 x 2520 pixels down to 146 x 584 pixels. This approach allowed us to
determine the optimal input size for the chosen architecture while preserving critical visual
features relevant to road-condition assessment and maintaining computational efficiency.

To further evaluate the network architecture’s ability to generalize across the unknown
label distribution at the frame level, we implemented an additional variant of the same neu-
ral network tailored for a simplified binary classification task. In practical road maintenance
planning, it is generally expected that roads with an RCI above 2.5 require maintenance
interventions in the near future to preserve serviceability [38]. Based on this principle, the
binary classification model was trained to distinguish between roads that do or do not
require repair measures, using an RCI of 2.5 as threshold. To adapt the network for this
task, a sigmoid activation function was added to the final fully connected layer, ensuring a
binary network output as shown in Figure 7.

—'E—'fﬁ—’ 01

Encoder
Avg pool

Image size 315 x 1260 pixels b 512 256 1
3

Figure 7. Simplified architecture for binary classification of the CNN backbone combined with two
fully connected layers and the sigmoid activation function enabling binary output (Fully Connected
layer in green; Average Pooling layer in orange; Encoder backbone in blue).

3.3.3. Loss Function and Evaluation Metrics

In optimizing the training process of CNNs, both root mean squared error (RMSE) and
mean absolute error (MAE) are commonly employed as loss functions. RMSE is sensitive to
larger deviations and therefore penalizes significant errors more heavily, while MAE treats
all errors linearly, offering greater robustness to outliers. To benefit from the strengths of
both metrics, we adopted the Huber loss (1) function during training, which offers smooth
and robust optimization for noisy, real-world data. The dataset involves a significant degree
of implicit label noise. Within a given segment, locally confined areas with severe damage
may be visually diluted by adjacent pavement along the road. Furthermore, empirical
analysis of inter-operator variability revealed discrepancies of £0.5 RCI values (o = 0.5).
The selection of the threshold 6 for the Huber loss was guided by the observed inter-
operator variability. A sensitivity analysis was conducted for J values ranging from o to 2o.
The optimal validation performance was obtained for 6 = 0.9, which ensures a model that
is less sensitive to larger errors while maintaining accuracy for typical deviations. On the
contrary, we used the Binary Cross-Entropy (BCE) loss function for the binary classification
variant of the network, which is well-suited for binary outputs.

Fy-9)° forly -9l <¢
Ls(y.9) = )
) (\y —gl-1 (5) otherwise

The performance evaluation of the trained models has been conducted on the test
dataset. For the RCI regression output, we reported the MAE between the predicted
and ground-truth values to provide an interpretable, unit-consistent measure of model
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accuracy. On the contrary, we used the Fl-score to evaluate the performance of the binary
model, which is tailored for classification tasks. To assess the reliability of these results,
95% confidence intervals were calculated by bootstrapping the test set with 1000 iterations.

3.4. Postprocessing: Aggregation of Frames and Formation of Road Segments

The implemented neural network architecture, described in Section 3.3.2, processes in-
dividual image frames and predicts an RCI value for each. As a result, multiple predictions
are generated along the length of each road segment. To aggregate these frame-level pre-
dictions into coherent subsegments while minimizing the influence of outliers, a two-step
method was adopted.

First, the image frames are spatially sorted along the road axis. The sequence of
predicted RCI values is then analyzed using the Isolation Forest (IF) algorithm [39] to detect
and exclude outliers. This step ensures that the subsequent analysis, which is sensitive
to anomalies, remains robust. In the second step, the cleaned sequence of predictions is
processed using the Pruned Exact Linear Time (PELT) algorithm [40], combined with a
Radial Basis Function (RBF) kernel as the cost function. This enables the automatic identi-
fication of discontinuities, where significant shifts in road condition occur. As illustrated
in Figure 8, these change points are used to partition each road segment. The centroids
of the reprojected road surfaces corresponding to the detected change points serve as the
division boundaries. To ensure robustness against outliers, the RCI for each newly formed
subsegment is determined using the median of all predictions within the latter.

g 25
»
5
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c
2
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> | I I
c
S
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3
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0.5
LR « frame prediction .. « frame prediction
. detected change point R —— median
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. o g . . .
M .
. . [N .
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c
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. . . .
.
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Figure 8. Example of road-segment subdivision based on predicted RCI values and detected outliers
by IF. (a) Detected change points along the frame-level RCI predictions using the PELT algorithm
with an RBF kernel. (b) Resulting subsegments, each assigned a median RCI value.

3.5. Iterative Quality Improvement

The training data used in this study was manually annotated by expert engineers. To
minimize the impact of human error or variability among operators, an iterative quality
assessment process was employed. After training and tuning several models, the final
model that achieved the best performance on the test dataset was selected for full-scale
inference. This model was applied to the entire dataset to generate predictions and enable
the derivation of RCI road segments. Subsequently, the predicted results and RCI segments
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Road Condition Index (RCI}

were reviewed again by expert engineers to evaluate whether corrections were needed in
the original ground-truth annotations. Based on this assessment, any necessary adjustments
were made to the dataset, which was then used to retrain the model, thereby enhancing
both the quality and consistency of the training data.

To aid expert interpretation, we supplemented the RCI absolute error with additional
quality indicators that reflect the prediction variability within each segment and serve as
a measure of model uncertainty. Since the newly generated RCI segments do not have
ground-truth labels, these indicators provide guidance for expert reviewers in identifying
segments where corrections may be necessary. For the binary classification task, uncertainty
is represented using the portion of correctly classified frames compared to the subsegment
median (Figure 9b). For the regression task, we measured the portion of predictions that
fell within £0.5 of the calculated subsegment median RCI value, an empirically chosen
threshold that aligns with observed inter-expert variability (Figure 9a).

frame prediction
median subsegment

+ ground truth original segment

detected change point
tolerance

detected change point
median binary subsegment
W binary prediction

Binary condition index (0 if < 2.5, 1 if = 2.5)

10

20

30

o

30 40 50 60 7

40 50 60 70 0 10 20 0

Distance along road axis [m] Distance along road axis [m]

(a) (b)

Figure 9. Calculated quality indicators to guide expert review. For the regression task (a), uncertainty
is quantified as the portion of predictions within 0.5 of the calculated subsegment median (quality
score 58.3%). For the binary classification task (b), uncertainty is represented using the portion of
correctly classified frames compared to the subsegment median (quality score 83.3%).

4. Experiments and Results

This section presents the experimental evaluation of the proposed methodology.
All experiments were conducted on a workstation equipped with an NVIDIA RTX
A5000 GPU with 24 GB VRAM, an Intel Xeon i7 processor and 256 GB RAM. We be-
gin by testing the preprocessing workflow (Section 4.1). Next, we assess different neural
network architectures and training configurations, including backbone selection, batch
size and input image resolution (Sections 4.2.1 and 4.2.2). The resulting models are then
evaluated in two variants: binary classification and regression (Sections 4.2.3 and 4.2.4).
Finally, we demonstrate the effectiveness of the frame aggregation algorithm and iterative
dataset refinement process in Section 4.3.

4.1. Filtering of Interfering Objects

To assess the proposed workflow for the removal of interfering objects, we conducted
tests on a set of representative images. Fortunately, such objects are rare in our dataset, so
the evaluation was limited to qualitative analysis. The proposed method significantly im-
proves road-surface extraction (Figure 10c) compared to the standard approach (Figure 10b),
which relies solely on road-surface delimitation by depth filtering. Vehicles and pedestrians
were not included in this evaluation, as they were already filtered out during preprocessing
of the street-level imagery (see Section 3.2). The method proved particularly effective
for handling residual interfering objects such as vegetation, roadwork barriers and traffic
islands. By removing these elements, the workflow ensures that only pixels corresponding
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to the actual road surface are passed to the neural network, thereby improving the quality
and reliability of the input data.

(b) C©

Figure 10. Results and intermediate results obtained with the proposed preprocessing workflow for
extracting road surface from imagery on representative images. Column (a) shows the original street-
level imagery; (b) depicts the results after filtering the depth maps by the 2D road area (Section 3.2.2);
(c) illustrates the final road surface obtained by removing points based on normal vectors and
subsequent DBSCAN clustering (Section 3.2.3).

4.2. Neural Network Architecture Evaluation

We first evaluated the optimal backbone architecture for the neural network in
Section 4.2.1 and subsequently investigated the impact of different batch size and input
image dimensions in Section 4.2.2. After tuning the key hyperparameters on the validation
set, including the learning rate, learning rate decay strategy and dropout rate for regular-
ization layers, we evaluated the final performance on the test dataset for both the binary
classification model in Section 4.2.3 and the RCI regression model in Section 4.2.4. All
experiments were conducted on the reported hardware. Training required approximately
80 h with a batch size of 32.

4.2.1. Backbone Architecture

The evaluation of different backbone architectures was conducted using the same
dataset split (70/15/15) for training, validation and test as well as identical hyperparameter
configurations across all models. Each model was trained until overfitting was observed by
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a divergence between the training and validation loss curves. The best-performing model
checkpoint (based on validation loss) was then used for inference on the test set. Figure 11
presents a comparison of validation loss across different architecture families (a) and within
various depths of Residual Networks (b).

0.43

Backbone architecture Backbone architecture
0.41 4 —— ResNetl8 1 —— ResNet50
MobileNet —— ResNetl01l
0.39 1 —— VGG11 7 ResNeXt50
—— DenseNetl121 —— ResNetlg
0.37 1 —— InceptionV3 1

Validation loss (Huber loss)

Number of epochs Number of epochs

(a) (b)

Figure 11. Comparison of validation loss (Huber loss) across different backbone architectures.

(a) Performance of various architecture families and (b) performance comparison within the Residual
Network family at different depth levels.

As shown in Table 3, the ResNet18 backbone achieved the best performance, with an
MAE at frame level of 0.51 RCI values. Although the InceptionV3 backbone performed
well during validation, it exhibited inferior generalization on the test dataset, yielding a
higher MAE at frame level than ResNet18. Based on these findings, ResNet18 was selected
as the backbone architecture for subsequent experiments.

Table 3. Performance comparison of different backbone architectures on the validation and test
datasets using the validation loss (Huber) and MAE for RCI prediction are reported. The best result
achieved for each measure is highlighted in bold.

Backbone Architecture Best Validation Loss | MAE Test
DenseNet121 0.261 0.59
Inception V3 0.227 0.53
MobileNet V3 0.272 0.61
ResNet18 0.241 0.51
ResNet50 0.262 0.59
ResNet101 0.263 0.60
ResNeXt50 0.261 0.58
VGG11 0.281 0.62

4.2.2. Batch and Input Image Size

For the selected backbone architecture, we systematically evaluated the effect of
varying batch and input image resolution. To identify the optimal batch size, experi-
ments were conducted with different values while keeping the input image size fixed at
210 x 840 pixels. As shown in Table 4, both the validation loss and the test MAE at frame
level decreased as the batch size increased up to 32, after which performance began to
degrade. Based on this trend, a batch size of 32 was selected for all subsequent experiments.
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Table 4. Effect of training batch size on model performance during validation and testing process
(MAE at frame level). In bold, the lowest value reached. The best result achieved for each measure is
highlighted in bold.

Batch Size Best Validation Loss MAE Test
8 0.192 0.599
16 0.185 0.573
32 0.181 0.546
64 0.192 0.636
128 0.194 0.659

Given that the extracted road-surface images have an average aspect ratio of approxi-
mately 4:1, the next step was to determine the minimum resolution at which critical features
could still be preserved while maintaining this aspect ratio. The goal was to balance input
size, feature retention and computational efficiency. As summarized in Table 5, higher
resolutions generally improved validation performance; however, the best test performance
was achieved at a resolution of 315 x 1260 pixels. Consequently, this resolution was
adopted for all further experiments.

Table 5. Effect of input image size on model performance. It reports the best validation loss and
the corresponding MAE at frame level on the test set for different input resolutions. The best result
achieved for each measure is highlighted in bold.

Image Input Size [px] Best Validation Loss MAE Test
146 x 584 0.249 0.576
210 x 840 0.255 0.541
315 x 1260 0.231 0.507
420 x 1680 0.230 0.524
525 x 2100 0.233 0.532
630 x 2520 0.226 0.512

4.2.3. Binary Classification

The binary classification model was designed to distinguish between road segments
that require planned maintenance and those that do not. Based on VSS 40 730b (2019),
segments with an RCI value below 2.5 were labelled as ‘good’ (no immediate maintenance
required), while segments with RCI > 2.5 were labelled as ‘bad’ (requiring repair). The
model outputs a binary prediction reflecting this classification, considering samples la-
belled as ‘bad’ positive and the samples labelled as ‘good” negative. On the test dataset,
the classifier achieved an accuracy of 0.88 (95% CI: 0.87-0.89) and an Fl-score of 0.85
(95% CI: 0.84-0.86), demonstrating strong overall performance. However, the performance
differed across classes. As shown in Figure 12a, the model achieved a higher score of
0.90 for segments in bad condition, while the detection of segments not requiring repair
was comparatively more challenging, with a score of 0.87. Furthermore, the influence
of segments with RCI values near the threshold was examined by removing segments
with RCI values between 2.25 and 2.75 from the test dataset. The new confusion matrix
(Figure 12b) shows that the evaluation without these segments improved the performance
by 3.5%.
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Figure 12. Confusion matrices of the binary classifier. (a) Confusion matrix on the full test dataset.
(b) Confusion matrix after removing segments with RCI values near the threshold (2.25 > RCI < 2.75).
Classes: true positive (TP), false positive (FP), true negative (TN), false negative (FN).

4.2.4. Regression Model

The regression model was trained using the same architecture and training strategy as
the binary classifier, but with a continuous output predicting the RCI directly. The model
achieved an MAE of 0.48 RCI values at frame level (95% CI: 0.473-0.491) on the test dataset,
indicating accurate prediction performance across the test dataset, even better than the
observed inter-expert variability. In terms of computational efficiency, the model achieved
an average inference time of one minute per kilometre (250 images), demonstrating its
suitability for large-scale infrastructure monitoring. Figure 13 shows the distribution
of prediction errors across the five RCI classes. The model performed best in the first
three classes (RCI < 3.0), where the road condition is typically acceptable. Performance
decreased for higher RCI values (RCI > 3.0), corresponding to more severe road damage,
with MAEs at frame level of 0.62 RCI values and 0.94 RCI values for the fourth and fifth
classes, respectively. Furthermore, a correlation between the number of training samples
and the achieved MAE per RCI class is observable (Figure 13a). Overall, approximately
87% of the test samples were predicted within one RCI class of the ground truth and
nearly 61% fell within the empirically determined half-class scattering range. Achieving
the reported performance was only possible after refining the dataset through the iterative
quality assurance process described in the next Section 4.3.
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Figure 13. Resulting model prediction errors on the test dataset. (a) Errors per RCI class with MAE
and (b) number of frames within the MAE range subdivided by RCI class. The MAE intervals
represented are right-inclusive (<0.5; (0.5, 1]; (1, 1.5]; >1.5).
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4.3. Frames Aggregation Algorithm and Dataset Refinement

The implemented outlier detection method ensured robust filtering of anomalous
predictions, which is critical for the change-point detection algorithm due to its sensitivity
to outliers. This process enabled accurate subdivision of road segments into homogeneous
RCI subsegments. As illustrated in Figure 14, the two displayed road portions clearly belong
to different RCI classes and must therefore be aggregated separately. These qualitative
examples highlight that, without outlier removal with IF, reliable detection of RCI change
points along the road axis with PELT and RBF only would not be possible.
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Figure 14. Qualitative result examples of the detected change points for road-segment subdivision
with (b) and without (a) outlier detection using IF. The sampled road-surface images on the top show
how different the pavement conditions are in the subsegments.

Supported by outlier removal, the subsequent change point detection identified
76 new road-segment boundaries, which were validated by experts and incorporated
into the dataset. This corresponds to an increase of approximately 5% in the total number
of segments compared to the original dataset. The subdivision into subsegments led to a
reduction in intra-segment variability, from an average variance of RCI predictions of 0.22
to 0.15, showing dispersion improvement. In addition, the average MAE of RCI predictions
within these segments decreased from 0.53 to 0.47 RCI values. For comparison, the seg-
ments identified as homogeneous by the algorithm, and thus not subdivided, exhibited an
average variance of RCI predictions of 0.17 and an average MAE of 0.48 RCI values, demon-
strating that the new subsegments now align closely with the characteristics of the naturally
homogeneous segments. Qualitative examples from the test dataset are shown in Figure 15.
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It illustrates the impact of introducing subsegments derived from frame-level predictions
with outlier removal with a comparison between (a) the median of the predictions along the
road axis in the original segment and (b) the medians of subsegments generated with the
proposed approach. These examples clearly demonstrate that different portions of the same
road segment can exhibit substantially different RCI values, highlighting the importance of
finer-grained subdivision for accurate assessment. The generation of subsegments changed
the original segment length distribution, presented in Section 3.3.1, which now exhibits a
first quartile of 72 m, a median of 118 m, and a third quartile of 163 m, with lengths ranging
from 30 m to 401 m. The subsegments shown in Figure 15b were evaluated by field experts,
who provided new ground-truth values to integrate the refined segments into the dataset.
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Figure 15. Qualitative examples of the generated road subsegment using the implemented aggrega-
tion algorithm as a combination of PELT and RBF. The original segments” predictions at frame level
(a) are aggregated into subsegments (b) improving the accuracy of the evaluation. The graphs show
the distribution of the predictions and detected outliers along the road axis as well as the calculated
RCI median value of the segment (a) and subsegments (b). The sampled road-surface images in
between show how different the pavement conditions are in specific frames (highlighted in red).

The dataset was refined in collaboration with experts through two iterative cycles,
during which corrected RCI labels and newly generated segment subdivisions were inte-
grated. This refinement led to a substantial improvement in model performance, reducing
the MAE at frame level on the test dataset from 0.57 to 0.48 RCI values. The quantitative
results presented in Figure 16 highlight a marked improvement in prediction accuracy
for the first two RCI classes, while maintaining similar MAE values at frame level for the
third and fourth classes. A slight decrease in performance was observed for the highest
RCI class, likely due to its limited representation in the dataset. Overall, the proportion
of frames predicted within the empirically defined half-class scattering range increased
by more than 4%, while the proportion of frames with errors exceeding 0.5 RCI values
decreased accordingly.
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Figure 16. Comparison of MAE on the test dataset at frame level before (a,c) and after (b,d) dataset
refinement. The subdivisions by RCI class (a,b) show the MAE for each class subdivided by er-
ror range while the subdivisions by error range (c,d) show the percentage of frames as well as
the subdivision by RCI class. The MAE intervals represented are right-inclusive (<0.5; (0.5, 1];
(1, 1.5]; >1.5).

After aggregating the final frame-based predictions into the segments’ RCI values,
further improvements were achieved through the application of the median as a robust
estimator for outlier filtering. As a result, an overall MAE of 0.40 RCI values at segment
level (95% CI: 0.366-0.444) was reached on the test dataset. In addition, 73.2% of the
segments fell within the empirically defined half-class scattering range, while over 94% of
the segments were within one full RCI class of error (Figure 17).

200 Road index 2004 2320 Road index
[} I}
1751 - 1751 -2
" - 3 " - 3
€ 150 4 < 150 4
g 59.8% 5 g 5
2 125+ > 1251
w w
G 100 5 1004
@ @
o =2 i
c 751 = 75
= 25.8% S 21.1%
Z 501 < 501
251 9.2% s 2o 257 53%
] |  u o : 0.4%
=0.5 0.5-1 1-1.5 > 1.5 =05 0.5-1 1-1.5 > 1.5
Absolute difference RCI (label - prediction) Absolute difference RCI (label - prediction)
(a) (b)

Figure 17. Comparison of MAE on the test dataset at segment level, showing results after prediction
aggregation into segments (a) before and (b) after dataset refinement. The MAE intervals represented
are right-inclusive (<0.5; (0.5, 1]; (1, 1.5]; >1.5).

5. Discussion

The results of this study demonstrate the potential of neural networks combined with
professional, precise georeferenced mobile mapping data for automated road-condition
assessment. A key strength of our workflow lies in the sophisticated preprocessing pipeline,
which ensures that only relevant pixels are presented to the neural network. The ap-
proach integrates cadastral land-cover data for automated road-surface extraction and
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consequently filters the pavement information by removing interfering objects. However,
this dependency on external cadastral data introduces limitations. These data may lack the
accuracy required for reliable road-surface extraction or may be not always available or
may be outdated, affecting transferability to other countries. Reducing this dependency is
critical, and alternative methods, such as direct road-surface extraction through semantic
segmentation of the imagery, should be investigated.

The availability of high-quality mobile mapping imagery and expert-annotated RCI
values for each road segment is one of the strengths of our work. This enabled the creation of
a dataset annotated according to established standards and represents a strong foundation
for model training and evaluation. However, the preprocessing pipeline, as well as the
neural network architectures, operate at the frame level, whereas the RCI labels are available
at segment level. This structural difference introduces an inherent source of implicit
label noise, as individual frames within a segment are assigned a uniform RCI value,
although the distribution of pavement conditions within each segment is not explicitly
known. To mitigate this effect, the iterative expert refinement process helped identify and
correct segments exhibiting high internal variability. Despite this measure, the absence of
explicit frame-level annotations remains a limitation. Future work will therefore focus on
deriving labels at frame level. In addition, although the dataset includes diverse road and
environmental conditions across multiple municipalities, all data were acquired using the
same mobile mapping system. Consequently, the robustness of the proposed workflow
with respect to imagery obtained from different acquisition units or sensor configurations
could not be evaluated within the scope of this study. Cross-system validation using
independently acquired and annotated datasets represents an important direction for
future research to further assess generalization performance and practical transferability.

Moreover, the dataset is affected by a strong class imbalance, particularly for the fifth
RCI class (RCI > 4). This class is severely underrepresented due to the practical reality
that roads in critical condition are typically repaired quickly and are thus significantly
less frequently available for data collection. Despite their scarcity, these classes have a
disproportionate impact on model performance. The regression task showed a higher
MAE in these ranges, highlighting the challenge of generalizing across visually diverse
and structurally severe damages with limited training examples. Although the binary
classification model was less affected by this imbalance and data augmentation partially
mitigated this issue, further solutions must be investigated. Promising strategies include
the use of class-aware loss functions, targeted data collection and the integration of comple-
mentary indicators like transverse unevenness derived from MMS LiDAR data, which is
often associated with severely distressed pavements but not visible in RGB imagery.

The choice of convolutional architectures and transfer learning from ImageNet ac-
celerated convergence and yielded lower MAE values for the implemented tasks. The
regression model achieved an MAE of 0.48 RCI values, which is below the inter-expert
variability of 0.5 RCI values. Similarly, the binary classification variant achieved an F1-score
of 0.85, effectively distinguishing between roads requiring maintenance and those in good
condition and thereby offering a practical tool for rapid prioritization in maintenance
planning. However, each architecture implementation presents trade-offs. On the one hand,
the regression approach provides continuous RCI output but, as mentioned before, is more
sensitive to label noise at frame level. On the other hand, the binary classification model
exhibited sensitivity to segments with RCI values near the RCI threshold of 2.5. This sensi-
tivity results in unstable predictions for RCI values close to the threshold. Despite having
little practical impact on maintenance decisions in real-world scenarios, this suggests that
binary outputs are less informative in borderline cases.
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The frame-to-segment aggregation algorithm significantly improved prediction results
and their interpretability. The combined use of IF for outlier removal and PELT-based
change-point detection enabled automatic aggregation into homogeneous subsegments
that align well with expert assessments. The implemented approach further improved the
obtained MAE at frame level, reducing it from 0.48 to 0.40 at segment level. In addition, the
implemented method mitigates the effects of the aforementioned distribution uncertainty
within a segment, using outlier filtering and a median-based estimator. However, intra-
segment variability remains an open challenge, as use of the median could lead to an
underestimation of localized deteriorations. This suggests that advanced aggregation
strategies, such as sequence learning models that can explicitly learn variability across
frames, could further enhance segment-level consistency. Moreover, the surfaces for the
aggregation still depend on the initial road-surface geometry derived from cadastral data,
making it indirectly subject to the same external dependencies discussed earlier.

The iterative quality-improvement process was essential for aligning predictions
with expert assessments. The inclusion of quality indicators enhanced transparency and
interpretability for experts, allowing the incorporation of corrections into subsequent
training cycles. This improved dataset consistency, reduced inter-expert variability and
resulted in a decrease in MAE from 0.57 RCI values to 0.48 RCI values at frame level. This
iterative process highlighted the importance of combining automated predictions with
human refinement to maintain accuracy and robustness.

6. Conclusions and Outlook

This study presented a DL-based workflow for automated visual road-condition
assessment using professional 3D street-level imagery. The proposed framework integrates
road-surface extraction and the filtering of interfering objects, robust neural network
training, automated segment aggregation and iterative dataset refinement supported by
expert feedback. The resulting models achieved high accuracy, with regression predictions
outperforming inter-expert variability with an MAE of 0.48 RCI values at frame level and
an MAE of 0.40 RCI values at segment level, as well as binary classification reaching an
F1-score of 0.85. Importantly, segment-level aggregation and iterative quality improvement
significantly enhanced the reliability of the outputs, making them well-suited for practical
infrastructure management.

Despite these promising results, several challenges remain. The strong class imbalance
continues to limit generalization in the most relevant ranges for maintenance prioritiza-
tion. Targeted data collection campaigns, the use of class-aware loss functions, as well
as the integration of a transverse unevenness information cloud help mitigate this limi-
tation. Second, future work should explore direct road-surface extraction via semantic
segmentation, reducing reliance on cadastral data. Third, integrating individual damage
detection could enable comparisons with patch-based methods and enhance interpretability
for maintenance planning. Finally, the reliability of frame-to-segment aggregation could
be improved through advanced sequence learning models that explicitly capture intra-
segment variability.

In conclusion, the proposed approach represents a significant step toward scal-
able, standardized and cost-effective road-condition assessment. By bridging automated
DL methods with advanced mobile mapping data preprocessing, it provides a path-
way for robust, reproducible and decision-oriented infrastructure monitoring that can
support municipalities and road authorities in maintaining safer and more sustainable
transportation networks.
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