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Abstract

Pedestrian accessibility is a critical dimension of sustainable and inclusive transporta-
tion systems, yet many cities lack reliable data on infrastructure features that support
visually impaired users. Among these, podotactile paving plays a vital role in guiding
movement and ensuring safety at intersections and transit nodes. However, tactile paving
networks remain largely absent from digital transport inventories and automated mapping
pipelines, limiting the ability of cities to systematically assess accessibility conditions. This
paper presents a scalable approach for identifying and mapping podotactile areas from
mobile and handheld laser scanning data, broadening the scope of data-driven urban
modelling to include infrastructure elements critical for visually impaired pedestrians.
The framework is evaluated across multiple sensing modalities and geographic contexts,
demonstrating robust generalization to diverse transport environments. Across four dataset
configurations from Madrid and Mantova, the proposed DeepLabV3+ model achieved
podotactile F1-scores ranging from 0.83 to 0.91, with corresponding IoUs between 0.71 and
0.83. The combined Madrid-Mantova dataset reached an F1-score of 0.86 and an IoU of
0.75, highlighting strong cross-city generalization. By addressing a long-standing gap in
transportation accessibility research, this study demonstrates that podotactile paving can
be systematically extracted and integrated into transport datasets. The proposed approach
supports scalable accessibility auditing, enhances digital transport models, and provides
planners with actionable data to advance inclusive and equitable mobility.

Keywords: sidewalk modelling; mobile laser scanning; point cloud processing; semantic
segmentation; pedestrian accessibility; smart mobility; transport equity

1. Introduction

Transportation systems are increasingly expected to support equitable, safe, and inclu-
sive mobility for all users [1]. Within this context, pedestrian accessibility is a fundamental
component of sustainable transport planning, as sidewalks, crossings, and public trans-
port interfaces must accommodate diverse user groups, including individuals with visual
impairments [2]. In transportation research, growing attention is being placed on equity
and inclusivity, with accessibility now recognized as a key requirement for achieving safe,
sustainable, and technology-supported mobility systems [3]. At the same time, transport
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agencies face growing demands to ensure that pedestrian infrastructure supports both
safety and sustainability, while reducing inequalities across different user groups. Meeting
these expectations requires reliable, up-to-date data on the condition and distribution of
pedestrian facilities, an area where traditional manual surveys remain costly and inconsis-
tent, highlighting the need for automated approaches [4].

Among the different elements that shape pedestrian accessibility, podotactile areas
(tactile paving) represent a fundamental yet often overlooked element of pedestrian infras-
tructure. Designed with raised bars or dots in contrasting colours, these surfaces provide
tactile and visual cues that enable visually impaired pedestrians to navigate safely and
anticipate hazards such as intersections, stairs, or platform edges. Even with their critical
role in ensuring independent mobility, podotactile paving is rarely included in digital
transport inventories or automated mapping workflows [5,6]. As a result, many cities
lack the information needed to assess compliance with accessibility standards, identify
underserved areas, or strategically plan infrastructure upgrades. This gap is particularly
striking given recent efforts to embed data-driven approaches into transport planning as
a way to promote inclusivity and equity [7]. Field-based studies have further confirmed
the effectiveness of tactile paving in shaping safe crossing behaviour for visually impaired
pedestrians, highlighting the importance of systematically integrating such features into
accessibility assessments [8].

The advent of Mobile Laser Scanning (MLS) and Handheld Mobile Laser Scanning
(HMLS) represents a major leap in data acquisition technologies for transportation systems.
These platforms integrate LiDAR sensors with RGB (red, green, and blue) cameras to
capture dense, multimodal point clouds of urban environments. Compared with traditional
surveys, MLS and HMLS offer rapid coverage, high spatial resolution, and the ability
to record both geometry and appearance, making them particularly suited for transport
infrastructure mapping [9,10]. Applications to date have demonstrated effective delineation
of sidewalks and pedestrian zones [11], detection of curbs and road boundaries [12-14],
automatic classification of urban pavements [15], evaluation of roadway geometry [16], and
road pavement condition assessment [17]. These successes illustrate the versatility of MLS
technology, yet tactile paving remains an unaddressed challenge due to its fine granularity,
contextual variability, and frequent location within complex urban intersections [18].

At the same time, advances in deep learning have revolutionized the analysis of spa-
tial data for transportation. Semantic segmentation models, particularly Convolutional
Neural Network (CNN)-based architectures, have been successfully applied to road mark-
ings, pavements, and sidewalks, achieving high accuracy and scalability [19]. Beyond
infrastructure geometry, deep learning has been used to detect surface-level defects such
as cracks [20], to analyze cycling conditions and environmental factors using street-view
imagery [21], and to support safety-focused urban interventions [22] and traffic safety
modelling [23,24]. Together, these studies show that computer vision and machine learning
can support transportation research in many useful ways. Our work builds on this by
focusing specifically on the automatic detection of podotactile paving, a topic that has
received little attention so far. Podotactile surfaces are often overlooked because they are
small, made of different materials, and can easily blend in with nearby pavement, which
makes them difficult to detect reliably.

Despite the potential benefits offered by MLS and deep learning, detecting podotactile
areas presents unique challenges rooted in the complexity of urban transportation envi-
ronments. One major obstacle is the variability in tactile paving design due to differences
in regional standards, materials, and placement practices [18]. Urban sidewalks often
contain heterogeneous surface conditions and a high density of contextual elements such
as curbs, manholes, vegetation, and street furniture, which introduce significant noise into
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the point cloud data. These spatial interferences complicate the extraction of fine-scale ac-
cessibility features like tactile paving, particularly when these features are small, occluded,
or lack strong contrast in spectral or geometric properties. Moreover, podotactile zones
are typically located at intersections, points of maximum structural complexity within
pedestrian networks.

The automated detection of podotactile areas provides valuable insights for a range of
transportation planning and management tasks, including sidewalk infrastructure moni-
toring, intersection design, and accessibility compliance assessment. By identifying these
functional zones, planners can ensure that sidewalks are organized, compliant with accessi-
bility standards, and conducive to pedestrian safety. Furthermore, integrating podotactile
detection into intersection-level pedestrian network mapping enables cities to design seam-
less, walkable environments that connect sidewalks, crossings, and public transport hubs.
Such networks are not only essential for accessibility but also contribute to sustainable
urban mobility by promoting walking as a mode of transportation.

More broadly, the automated detection of fine-grained pedestrian infrastructure con-
tributes to the digitization of transport systems and the development of data-rich urban
models. Advances in sensing and machine learning are increasingly enabling cities to
create detailed, continuously updated inventories of sidewalks, crossings, and accessibility
features. Such digital representations provide the foundation for smart mobility services,
simulation-based planning, and equity-focused infrastructure management. By focusing on
podotactile paving, this study addresses a critical but often overlooked element within these
broader efforts, ensuring that the needs of visually impaired pedestrians are incorporated
into emerging data-driven transport solutions.

To explore the influence of sensor modality data resolution, and geographic diversity
on segmentation accuracy, this study evaluates four dataset configurations: (i) MLS data
from Madrid, (ii) HMLS data from Madrid, (iii) a combined MLS/HMLS Madrid dataset,
and (iv) a merged dataset from Madrid (Spain) and Mantova (Italy). By testing on data from
two cities and across multiple sensor types, the study assesses the generalization capacity
of the proposed approach, which is critical for the deployment of emerging technologies in
diverse transportation settings.

This study addresses a significant gap in transportation accessibility analysis by
focusing on the automated detection of podotactile paving using geospatial data. The
methodology contributes to the advancing field of geospatial analysis, particularly in the
context of MLS and 3D point cloud interpretation. By enabling the precise and scalable
mapping of accessibility features, such as tactile paving, within intersection-adjacent side-
walk spaces, this research provides urban planners with data to identify deficiencies in
critical pedestrian areas and strategically prioritize improvements. Ultimately, this work
illustrates how technological innovation can drive social equity and safety in transporta-
tion systems, by integrating inclusive design principles into the infrastructure of smart
urban development.

The main contributions of this work are the following;:

*  Anovel framework for automated podotactile paving detection from MLS and HMLS
data, using DeepLabV3+ segmentation on images derived from point clouds.

*  Highresolution RGB rasterization of filtered point clouds to train segmentation models
tailored for tactile feature detection.

*  Reprojection of predictions back into 3D space and polygon generation for podotactile /non-
podotactile sidewalk areas, supporting GIS (Geographic Information System) integration.

*  Cross-sensor and cross-city evaluation of model performance across four dataset
configurations and two cities from two different countries (MLS Madrid, HMLS
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Madrid, MLS/HMLS Madrid, and combined Madrid-Mantova), highlighting the
impact of sensor resolution, viewpoint, and geographic diversity.

This paper is organized as follows: Section 2 reviews related works and establishes
their differences with respect to our work. Section 3 describes the proposed methodology.
Section 4 reports the results obtained from applying the methodology to our case study.
Finally, Section 5 is devoted to discussing the results and drawing out conclusions from the
presented work.

2. Related Work
2.1. Heuristic Rule-Based and Geometric Methods for Urban Ground Segmentation

Urban ground segmentation has traditionally relied on geometric criteria and spatial
heuristics to identify transportation infrastructure elements such as roads, sidewalks, and
curbs in point clouds. These approaches prioritize interpretability and computational
efficiency by leveraging geometry and spatial data rather than learned patterns. For
example, Ferndndez-Arango et al. [11] applied MLS point clouds to delineate sidewalks,
road surfaces, and pedestrian zones while correcting occlusions from vehicles and street
furniture, generating impedance surfaces for accessibility modelling relevant to pedestrian
routing. Similarly, Al Shammas et al. [25] developed a GIS-based algorithm that computes
walkability scores by integrating real-time environmental comfort factors such as shading
and temperature.

Balado et al. [26] developed a rule-driven algorithm for detecting ground-level occlu-
sions in MLS data, such as vehicles and street furniture. By masking these obstructions,
the method refines pedestrian surface segmentation, demonstrating how spatial logic can
enhance the extraction of walkable elements even in complex urban contexts. Using air-
borne LiDAR, a rule-based workflow was proposed for curb detection and segmentation of
sidewalks and pavements by combining voxel-based surface modelling, region growing,
and heuristic classification [27]. The method achieved F-scores near 95% for pedestrian
surface identification, demonstrating the potential of geometry and reflectance data for
scalable road network extraction. Di Benedetto et al. [28] proposed a pipeline for modelling
pavement surface deformations using MLS data, including detection of pavement geometry
from ground filtering and voxel-based surface extraction under occlusion scenarios. Other
studies have focused on robust ground filtering and terrain estimation, such as the Ground-
Grid framework [29], which segments ground from non-ground points using height-based
heuristics, and the staged real-time ground segmentation algorithm of [30], which applies
multi-stage geometric rules to improve performance in sloped or occluded environments.

Balado et al. [31] also presented a geometry-based pipeline to generate pedestrian
navigation graphs directly from MLS data, using surface classification and rule-based path
connectivity. Similarly, Horvéth et al. [32] introduced a real-time LiDAR-based framework
for urban road and sidewalk detection using geometric algorithms (e.g., star-shaped, X-zero,
and Z-zero) to identify sidewalk edges and curbs from point cloud data, producing compact
vector outputs suitable for path planning and autonomous navigation. Maye et al. [33]
further demonstrated a curb detection approach tailored for pedestrian robots in urban
environments, showing how geometry-based edge extraction can directly support real-
time robotic navigation. In addition, Zhao et al. [34] developed CurbNet, a LIDAR-based
segmentation framework that integrates geometric filtering with machine learning to
enhance curb detection, bridging the gap between rule-based and data-driven approaches.

A recent approach applied a road-shape classification workflow to 3D point clouds,
segmenting road boundaries using geometric rules and grid-based segmentation followed
by curve fitting. The approach achieved robust real-time boundary detection across com-
mon urban road geometries, reinforcing the viability of rule-based algorithms for urban
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infrastructure modelling [35]. Zou et al. [36] proposed a four-stage, rule-based pipeline for
curb segmentation from MLS data. Their method includes coordinate alignment, coarse
curb detection using 2D projections, geometric modelling, and alignment.

Lang et al. [37] proposed a curb extraction framework using multi-feature filtering
on MLS point clouds, integrating grid-based height thresholding, sink-normal analysis,
and multi-frame MSAC fitting to handle a range of road scenarios (from straight sections
and intersections to curved geometries). The method achieves an average precision of
0.94 and F1-score 0.85, demonstrating strong performance. Moreover, Wang and Feng [38]
proposed a rule-based pipeline using a low-cost, portable MLS system to perform rapid
geometric evaluation of transportation infrastructure. The approach segments ground
from non-ground points using random sample consensus (RANSAC)-based planar fitting,
extracts shape-change features to delineate boundaries, and computes roadway width and
tunnel clearances. The results include real-time, online visualizations and digital maps of
measured infrastructure segments.

These studies demonstrate that rule-based and geometrical segmentation remain
highly relevant for detecting ground surfaces, especially when interpretability, low com-
putational cost, or sensor constraints limit the use of data-intensive methods. However,
as urban transport environments grow in complexity, geometry methods may fall short
in capturing subtle surface variations such as podotactile pavements, which cannot be
effectively detected without semantic or material-level understanding. These limitations
reduce the adaptability of rule-based systems in diverse real-world transport settings,
where fine-scale pedestrian accessibility features are increasingly important.

2.2. Deep Learning and Colour-Based Methods for Urban Ground Segmentation

Deep learning models that leverage colour and, in some cases, geometric features have
shown significant potential for segmenting urban ground surfaces, especially when identi-
fying features that are difficult to detect using geometric logic alone. These approaches are
increasingly relevant for automated analysis of pedestrian infrastructure within modern
transportation systems [39]. Several works focus specifically on the detection of tactile
paving using deep learning models trained on colour imagery. Zhang et al. [40], proposed
GRFB-UNet, an enhanced UNet variant with group receptive field blocks designed to
address scale variability, illumination changes, and shadow occlusion in tactile paving
segmentation. Their approach operates on 2D imagery and does not integrate 3D spatial
information or enable projection of results back into georeferenced urban scenes. Simi-
larly, Ghilardi et al. [41] developed a real-time tactile paving detection system based on
smartphone-acquired images and computer vision techniques. Designed to support visu-
ally impaired users, the system combines visual descriptors with decision trees to reduce
false positives and deliver audio feedback to help users stay aligned with tactile paths.
However, their approach is limited to local, device-based applications and does not support
automated mapping or transport infrastructure integration.

In a related application, Treccani et al. [42] applied a deep learning approach to seg-
ment pedestrian surfaces in heritage sites, using both spectral and geometric features,
including colour, intensity, roughness, and Omnivariance, to classify walkable areas. Their
work demonstrates how combining visual appearance with geometric features enhances
segmentation of complex urban materials. Although their study does not target tactile
paving, it reinforces the importance of fine-grained surface descriptors for accessibility
analysis. Our approach extends this idea by applying colour-guided semantic segmenta-
tion to podotactile features in mobile laser scanning data and reconstructing these areas
as georeferenced polygons, enabling integration into urban models and smart mobility
applications. Similarly, Hou and Ai [43] developed a network-level sidewalk inventory
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framework using mobile LiDAR and a PointNet++ deep learning model, achieving high
segmentation accuracy—Intersection over Union (IoU) ~ 0.946—and efficient processing
across a state highway case study. Their work demonstrates the feasibility of leveraging
deep learning and 3D point cloud data for large-scale pedestrian infrastructure mapping,
though their focus remained on sidewalk geometry (e.g., width, slope, cross-slope) rather
than fine-grained accessibility features. In contrast, our approach targets podotactile paving,
a critical element for inclusive pedestrian mobility.

Beyond tactile paving, other works have applied deep learning to urban ground feature
segmentation, particularly targeting surface defects such as cracks. Yussif et al. [44] used a
ground-level imagery and a segmentation pipeline to identify sidewalk cracks, showing
the effectiveness of colour-enhanced models in recognizing fine surface features similar in
geometry and visual complexity to tactile paving. Similarly, Elamin and El-Rabbany [45]
combined RGB and elevation maps within a modified U-Net to segment pavement cracks,
illustrating how geometric and spectral features can be jointly leveraged to detect subtle
surface changes. In addition, Zhang et al. [46] adds attention modules and boundary-aware
features to improve edge detection and segmentation of small surface defects.

Deep learning approaches that leverage colour, often in conjunction with geometric
information, have demonstrated strong performance in segmenting complex urban ground
elements. These methods are particularly effective for identifying fine-grained features
such as paving materials and surface defects, tasks that are challenging for rule-based or
geometry-only approaches. These studies highlight the critical role of spectral informa-
tion in improving segmentation accuracy under diverse lighting, material, and contextual
conditions. However, no existing approach to date has combined deep learning-based
segmentation with 3D point cloud data to automatically extract podotactile areas and
reconstruct them as georeferenced polygonal features for integration into pedestrian trans-
portation infrastructure models. Addressing this gap, our work proposes a novel pipeline
that integrates colour-guided semantic segmentation with spatial modelling from MLS data,
enabling city-scale mapping of tactile paving infrastructure for accessibility applications.

2.3. Research Gap in Podotactile Pavement Detection

Despite the relevance of podotactile paving for mobility, accessibility and transport
infrastructure management, most existing detection approaches rely on manual surveys,
heuristic rules, or conventional image processing techniques. For example, several stud-
ies have used HSV-based colour thresholding [47], handcrafted features [48], or wear-
able aids coupled with vision sensors [49] to identify tactile tiles. Beyond these, some
rule-based methods also utilize colour and shape cues for detecting podotactile surfaces.
Yamanaka et al. [50] combined RGB-depth sensing with RANSAC fitting and colour thresh-
olding to detect tactile tiles with 83% precision under controlled conditions, confirming
the feasibility of segmenting tactile features from imagery. However, they operate on
RGB-Depth sensors in constrained settings, while our pipeline processes high-volume
point cloud datasets and outputs city-scale polygon representations. Dynamic HSV-based
detection of tactile paving further reinforces the discriminative power of spectral and
shape-based features [51]. Still, such threshold-based methods are sensitive to lighting and
lack the generalization capacity and semantic richness offered by deep learning approaches.

Other works explore deep learning approaches trained on custom datasets for 2D
tactile segmentation tasks [48,52], but they do not leverage 3D spatial data nor offer full
automation in realistic urban environments. Meanwhile, studies such as Pembuain et al. [53]
focus on evaluating the effectiveness of tactile installations but do not propose detection
methodologies. A recent review by Abidi et al. [54] confirms the lack of automated, point
cloud-based approaches tailored to tactile paving detection. To our knowledge, there is no
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prior work that fully automates the extraction of podotactile areas from MLS point clouds.
This gap motivates the need for scalable approaches capable of handling real-world urban
scenes with high geometric and spectral variability.

Unlike previous approaches, our method combines MLS point clouds with colour
imagery to detect and classify tactile paving in urban environments. By projecting point
clouds into 2D raster images, we convert 3D measurements into structured inputs suitable
for deep learning-based material classification. This strategy leverages both the precise
spatial detail from MLS data and the rich colour cues from imagery, enabling more reliable
segmentation in complex urban settings. It supports the accurate detection of podotactile
areas, which are key ground features for guiding visually impaired pedestrians that are
often challenging to identify due to surface wear, lighting variation, or geometric ambiguity.
To evaluate the robustness and generalizability of our approach, the segmentation model
was trained and tested on four dataset configurations: MLS data from Madrid, HMLS
data from Madrid, a combined MLS/HMLS dataset from Madrid, and a cross-city dataset
combining Madrid (MLS/HMLS) and Mantova (HMLS). This setup enables a systematic
assessment of how sensor modality and geographic diversity influence model performance.
The proposed framework offers a scalable, automated solution for transportation accessi-
bility mapping supporting the auditing of inclusive infrastructure and contributing to the
development of data-driven pedestrian-aware transport systems.

3. Method

The proposed approach follows a structured pipeline that progresses from raw spa-
tial data to semantically enriched urban models. It is organized into three key stages:
preprocessing and filtering of urban point clouds, podotactile pavement detection, and
representation of sidewalk functional areas (Figure 1).

GROUND POINT ROAD-SIDEWALK SEGMENTATIOM
/" MLS POINT CLOUD ™\ ‘ CURB LINES <
= ‘ 5
TRAJECTORY - /[ i
REPRESENTATION PODOTACTILEAREA
OF SIDEWALK DETECTION
AREAS
- ( l 7

Figure 1. Overview of the proposed workflow.

3.1. Pre-Processing and Filtering

This study focuses on the analysis of pavement sections located at or near road
intersections, where podotactile surfaces are typically installed to assist visually impaired
pedestrians at crossing points. To extract these relevant regions, a dedicated preprocessing
stage is implemented to reduce the spatial extent of the dataset and isolate the ground-level
sidewalk surfaces.

3.1.1. Section-Based Filtering

The first step of the method involves isolating the relevant ground surfaces from the
whole urban point cloud. This is achieved through a spatial filtering process based on tra-
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jectory segmentation, elevation filtering [55], and localized geometric analysis. The filtering
workflow relies on two parameters: rad, which defines the radius used for segmenting the
trajectory into local sections, and &, a height threshold applied to retain only the points that
belong to the ground level [29].

The procedure begins by dividing the point cloud into a series of local segments
aligned along the MLS acquisition trajectory. This is accomplished by performing a spatial
neighbourhood search around the trajectory points, where the parameter rad determines
the extent of each segment. These segments enable a focused, localized analysis of the
urban environment that accounts for spatial variability in geometry and elevation.

Within each segment, a vertical filtering is applied using the parameter /1, which retains
only the points whose elevation does not exceed a fixed height above the local reference
surface. This effectively removes elevated features such as buildings, trees, and street
furniture while preserving ground-level surfaces relevant for pedestrian infrastructure
analysis (Figure 2). Figure 2a shows the raw MLS point cloud. Figure 2b illustrates the
segmentation of the dataset into local cylindrical sections with radius rad around the MLS
trajectory. Figure 2c displays the application of the elevation threshold (h) used to remove
non-ground objects. Finally, Figure 2d presents the resulting point cloud after filtering,
where only ground-level surfaces are retained.

Figure 2. Ground surface extraction. (a) Raw MLS data, (b) Trajectory-based segmentation,
(c) Ground-level filtering, (d) Resulting filtered point cloud.

3.1.2. Curb-Based Sidewalk Extraction

Following this, sidewalk areas are separated from vehicular road surfaces by modelling
curb geometries [14]. In the raw point cloud, curbs were already annotated as a distinct
semantic class. These labelled curb points serve as the basis for reconstructing the geometric
boundaries between pedestrian and vehicular zones. The process begins by dividing the
curb point cloud into local cylindrical sections with a specific radius (r) around the MLS
trajectory. Within each segment, the spatial distribution of curb points is used to compute
representative centroids [31]. These centroids are then connected across adjacent segments
to form curb polylines on both sides of the sidewalk.

Once the left and right curb lines are established, a polygonal representation of the
sidewalk area is created by linking the start and end points of each line and merging them
into a closed boundary. This polygon effectively delineates the extent of pedestrian spaces
and is used to spatially filter the point cloud, retaining only those ground-level points
that fall within the sidewalk domain. This curb-based spatial segmentation enables the
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extraction of a clean, well-defined sidewalk surface, suitable for the subsequent detection of
tactile paving features (Figure 3). Figure 3a shows the filtered ground-level points obtained
in the previous step. Figure 3b illustrates the segmentation of the MLS trajectory into
local analysis sections using the cylindrical radius (r) that defines each segment. Figure 3c
highlights the curb points annotated in the dataset. Figure 3d shows the grouping of curb
points within each local segment and the centroid computed for each group. Figure 3e
presents the reconstructed curb lines obtained by connecting centroids across consecutive
segments. Figure 3f displays the resulting sidewalk polygon created by enclosing the left
and right curb boundaries. In the last step, Figure 3g shows the classification of ground
points into sidewalk (green) and road (blue) based on this curb-defined polygon.

e) s

Figure 3. Curb-based sidewalk extraction. (a) Filtered ground surface points, (b) Segmented MLS
trajectory divided into local sections, (c) Curb points, (d) Curb points grouped by trajectory segment,
with centroids computed per group (red points) to represent average curb location, (e) Curb lines
reconstructed, (f) A polygon is generated from the curb lines, (g) Final classification of ground points
as sidewalk (green) and road (blue).

Finally, the filtered sidewalk data is further constrained to regions located near road
intersections. Road centrelines, derived from OpenStreetMaps (OSM) [56], are analyzed
and each line segment is systematically compared against others to identify their inter-
section points, locations where two or more street segments converge [57,58]. Around
each identified crossing, spatial buffers of radius r; are constructed, and the sidewalk
point cloud is clipped accordingly. This ensures that the final dataset contains only those
sidewalk areas that are adjacent to street intersections (Figure 4). Figure 4a shows the
extraction of road centrelines from OpenStreetMap and the detection of their intersection
points. Figure 4b illustrates the circular buffers created around each intersection using the
buffer radius (r1) to spatially limit the analysis to areas where tactile paving is expected.
Figure 4c shows examples of intersection-adjacent sidewalk regions obtained after clipping
the dataset using these buffers.

3.2. Podotactile Pavement Detection
3.2.1. Rasterization and Data Augmentation

Once the sidewalk-specific points close to intersection areas are isolated from the larger
urban point cloud, the next stage focuses on detecting podotactile paving using a deep
learning-based image segmentation approach. As most semantic segmentation networks
operate on 2D raster inputs [59], the filtered 3D sidewalk points are first transformed into
image-mask pairs through a rasterization process [42]. A regular 2D grid is overlaid on the
X-Y domain of the point cloud with a fixed spatial resolution. Within each grid cell, the
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RGB values of all included points are averaged to create a full-colour image representing
the sidewalk surface. Simultaneously, a binary mask is generated to label the presence of
tactile paving: any cell containing points annotated as podotactile is marked as foreground,
while all others are assigned to the background. This rasterization step results in paired
inputs suitable for supervised training, specifically, high-resolution images of the sidewalk
and their corresponding ground-truth annotations.

a) b) . s c)

Figure 4. Filtering sidewalk data based on intersection proximity. (a) Road centrelines are analyzed
to detect intersections, (b) Buffers of radius rq, are generated, (c) Different intersection types.

To address the limited availability and uneven spatial distribution of podotactile
samples in the training data, a comprehensive image augmentation strategy is adopted
in two stages. In the first stage, general-purpose augmentations are applied uniformly
across all image-mask pairs in order to increase visual and geometric diversity. Each
original sample was augmented 10 times using randomized combinations of the following
transformations: random rotations up to £40°, horizontal flipping with a 50% probability,
and vertical flipping with a 30% probability. To simulate variable illumination and image
quality conditions, additional photometric changes were applied, including brightness and
contrast adjustments (50% probability), additive Gaussian noise with a variance between
10 and 50, and image blurring using kernels up to 3 x 3 pixels (30% probability). These
augmentations preserved the geometric characteristics of the sidewalk patterns while
improving the model’s ability to generalize across different scenes.

The second stage focused specifically on improving the representation of the minority
class by augmenting only those samples containing podotactile elements. Each selected
sample was first padded using the PadIfNeeded function from the Albumentations library [60].
This function automatically adds pixels to the bottom and right sides of an image if its
dimensions are smaller than a specified threshold, in this case 400 x 400 pixels. The padding
is applied without altering the original image content, ensuring uniform input size across
the dataset. This was followed by a cropping operation that guaranteed the cropped
region contained podotactile pixels. This ensured that the relevant tactile features remained
visible and centred. Then, 20 random augmentations were generated for each such sample
using a combination of controlled spatial transformations: random shifts of up to 5% of
the image size, scaling between —10% and +10%, and rotations up to £20° along with
horizontal and vertical flips (50% and 30% probability, respectively). As in the first stage,
brightness/contrast adjustments (50% probability), Gaussian noise applied independently
to each RGB channel with a variance between 10 and 50 (40% probability), and blurring
(3 x 3 kernel, 30% probability) were also applied. All images were processed in an 8-bit
RGB format with pixel intensity values ranging from 0 to 255. This approach enriches the
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dataset with foreground-focused examples, improving the model’s sensitivity to small and
spatially sparse tactile regions.

3.2.2. Sidewalk Segmentation

To identify podotactile regions within the captured images, this study implements
a semantic segmentation model based on the DeepLabV3+ architecture [61]. The model
leverages a ResNet-50 backbone [62] pretrained on a large-scale image classification dataset
(ImageNet [63]) to extract multi-scale features that are essential for detecting subtle textures
in complex urban scenes. The final classification layer of the network is adapted for
binary segmentation by replacing it with a two-class output that distinguishes between
the background (non-podotactile areas) and the foreground (podotactile surfaces). These
class labels are defined based on manually annotated ground truth data, where pixels
corresponding to tactile paving surfaces are marked as the foreground, and all other
regions are considered background. The model is trained using the Adam optimizer [64],
an adaptive learning algorithm that updates the weights of the network to minimize the
loss function and improve segmentation performance. The model’s architecture enables it
to integrate local texture cues with broader spatial context, which is critical for the precise
detection of podotactile pavement.

The model is trained using a hybrid loss function that combines weighted cross-
entropy and Dice loss [65]. The cross-entropy component addresses the class imbalance
in the dataset by assigning higher importance to the underrepresented podotactile class,
ensuring that the model learns to recognize minority class patterns despite their low
occurrence. The Dice loss component encourages the overlap between predicted and
ground truth masks, improving the segmentation of thin and elongated structures that
are characteristic of podotactile features. This combination of loss functions is selected to
mitigate class imbalance, improve sensitivity to rare patterns, and enhance the accuracy of
the segmentation boundaries.

After the rasterization and augmentation stages, the dataset of sidewalk images and
corresponding binary masks is divided into training, validation, and test. A weighted
random sampling strategy is employed during training to ensure that podotactile samples
are adequately represented in each batch. Specifically, the sampler assigns higher proba-
bilities to images containing a larger proportion of podotactile features, encouraging the
model to focus on detecting these minority class patterns during training. This sampling
approach addresses the inherent class imbalance in the dataset and helps mitigate the risk
of the model being biassed towards the background class. After training, the model was
evaluated on the test set, providing an assessment of its generalization performance on
previously unseen data. The dataset was split into 80% for training, 10% for validation,
and 10% for testing. This splitting procedure was applied independently for each of the
four dataset configurations (MLS Madrid, HMLS Madrid, MLS/HMLS Madrid, and the
combined Madrid-Mantova dataset). The split was performed after the data augmentation
stage to ensure balanced representation of podotactile and non-podotactile samples in
all subsets.

Following this, the semantic segmentation predictions are mapped back to the original
point cloud data. The predicted binary masks, which indicate the presence of podotactile
pavement, are aligned with the corresponding point clouds of the regions of interest. Each
point cloud is discretized into a regular 2D grid by projecting the points onto the horizontal
plane and assigning each point a unique pixel ID based on its location. The pixel IDs
from the rasterized point cloud are then used to transfer the predicted labels from the
mask to the original 3D points (Figure 5). Figure 5a shows the input sidewalk point cloud
before semantic segmentation. Figure 5b displays the rasterized RGB image. Figure 5¢,d
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illustrate the DeepLabV3+ segmentation process using a ResNet-50 backbone pretrained
on ImageNet and adapted to two output classes (background and podotactile). Figure 5e
presents the predicted podotactile (blue) and non-podotactile (grey) labels mapped back
onto their corresponding 3D points using the pixel-point correspondences established
during rasterization.
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Figure 5. Semantic segmentation workflow for podotactile surface detection. The point cloud (a) is
rasterized into images (b), segmented using DeepLabV3+ with ResNet-50 (c,d) and mapped back to
point clouds, (e) with podotactile (blue) and non-podotactile (grey) regions.

3.3. Representation of Sidewalk Functional Areas

Once the semantic segmentation model has been applied and the predicted labels
have been mapped back to the original 3D point clouds, the final stage of the methodology
involves the geometric modelling of sidewalk functional areas. This includes the creation
of separate spatial representations for podotactile and non-podotactile regions.

The first step is to divide the data based on the predicted labels. Podotactile points
(label 1) and non-podotactile points (label 0) are saved into separate files, allowing each
class to be processed independently. To further isolate distinct tactile paving patches, the
podotactile points are clustered using the DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) algorithm, which groups spatially dense points into coherent
surface segments without requiring prior knowledge of the number of clusters [66]. Each
resulting cluster corresponding to a distinct podotactile area is saved individually, while
sparse points are discarded as noise.

For each clustered podotactile surface, a 2D alpha shape is generated to construct a
precise boundary around the point cloud [67]. The a-shape parameter controls the level of
geometric detail retained in the reconstructed boundary. Lower a-values generate tight,
highly detailed polygons that closely follow the local arrangement of points, while higher
a-values produce smoother and more generalized shapes by bridging small concavities.
This step transforms discrete point-based clusters into polygonal geometries that represent
the spatial footprint of each tactile paving area. Using only the X and Y coordinates
of each cluster, the alpha shape algorithm computes a concave hull based on an alpha
parameter, which controls the level of detail in the resulting geometry. Smaller alpha
values yield tighter shapes that follow the point distribution closely, while larger values
result in smoother, more generalized boundaries. The final outputs are saved as individual
shapefiles (i.e., standard geospatial vector files—SHP format—used to store polygon, line,
and point geometries together with their associated attributes), each representing a distinct
podotactile patch.

In contrast to directly computing a sidewalk polygon from each sidewalk point cloud,
sidewalk outlines are derived by differencing two alpha shape geometries computed at the
intersection scale. First, an intersection alpha shape is generated from the intersection point
cloud (including both roadway and sidewalks). Second, a road alpha shape is generated
from the road-only point cloud. The sidewalk extent is then obtained as the geometric
difference between these two polygons.

Next, to distinguish tactile paving zones from the surrounding sidewalk area, a
geometric difference operation is applied between the sidewalk alpha shapes and the
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podotactile alpha shapes. For each sidewalk segment, the podotactile alpha shapes are
subtracted from the corresponding sidewalk polygon, resulting in a new geometry that
precisely outlines the non-podotactile region (Figure 6). Figure 6a shows the predicted point
cloud obtained from the semantic segmentation stage. Figure 6b isolates the podotactile
points (class = 1). Figure 6¢ presents the results of DBSCAN clustering to group spatially
dense tactile points into individual patches. Figure 6d displays the alpha shape polygons
generated for each tactile cluster. Figure 6e shows the sidewalk polygon derived from
larger-scale alpha shapes computed for road and intersection point clouds. Finally, Figure 6f
illustrates the resulting sidewalk surface after subtracting the podotactile polygons from
the sidewalk polygon. The subtraction is carried out using geometric operations on the
shapefiles, ensuring that tactile paving footprints are excluded.

i 8,6

d)

Figure 6. Workflow for sidewalk area modelling. From the predicted point cloud, (a), podotactile
points are isolated (b), clustered (c), and converted to alpha shapes (d). The full sidewalk surface is
also modelled (e) and podotactile shapes are subtracted to extract non-podotactile areas (f).

4. Results and Discussion
4.1. Case Study and Data Acquisition

The proposed methodology was tested on urban road networks in two European
cities: Madrid (Spain) and Mantova (Italy). The Madrid dataset covers approximately 9 km
(Figure 7a) and is divided into two zones: zone 1 (=6 km, Figure 7c) and zone 2 (=3 km,
Figure 7b). The Mantova dataset covers approximately 625 m, focusing on sidewalk
infrastructure (Figure 7d). Across the two case study areas, a total of 47 intersections
were analyzed (23 in Madrid Zone 1, 16 in Madrid Zone 2 and 8 in Mantova). These
intersections include the pedestrian crossing environments where tactile paving is typically
installed. The tactile paving surfaces in both cities usually cover areas between 3 and 12 m?,
depending on the width of the crossing ramp and the tactile pattern required by local
accessibility regulations.

Both case studies relied on point clouds acquired using complementary geospatial sys-
tems. The Madrid dataset includes data from two instruments: the Leica Pegasus TRK700
Evo mobile mapping system [68] and the Leica BLK2Go handheld mobile laser scanning
(HMLS) device [69]. In contrast, the Mantova dataset was acquired exclusively with the
Stonex X70GO HMLS [70], providing high-resolution scans of targeted pedestrian zones. To
provide additional context on the acquisition procedures, we describe here how each laser
scanning survey was conducted. The Leica Pegasus TRK700 Evo was mounted on a vehicle
at approximately 2.20-2.40 m above ground level, with data collected at typical urban
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driving speeds of 20-35 km/h, resulting in an effective acquisition duration of 2—4 min per
kilometre. The handheld Leica BLK2Go was carried at chest height (1.20-1.50 m) by an
operator walking at 4-5 km/h and following looped trajectories to support SLAM stability
and complete coverage of sidewalks and crossings. The Stonex X70GO was similarly
operated at chest height (=1.60 m) and was occasionally raised to ~1.90 m especially at
changes in direction or in areas with a particularly rich detail to be surveyed. Surveys were
organized as closed loops, with the start and end positions of each acquisition correspond-
ing. Ideally the survey path followed the sidewalks and the zebra crossing, so starting from
one position, the paths followed one sidewalk, the zebra crossing, the sidewalk on the other
side of the road, another zebra crossing, a portion of sidewalk to go back to the starting
position. The acquisition speed corresponded to a relaxed walking pace (between 4 and
5 km/h). The data were saved in the instrument’s internal memory and the survey was
managed using a proprietary app installed on a tablet or phone (Android or iPhone). For
MLS data, trajectory estimation, georeferencing, and pre-classification were performed in
Leica Cyclone Pegasus OFFICE on a workstation equipped with an Intel i7 processor, 32 GB
RAM, and an NVIDIA GPU. Both MLS and HMLS datasets were stored on SSD-based
devices due to their size and I/O demands, with typical data volumes ranging from 5 to
15 GB per kilometre for MLS acquisitions and 1-3 GB per section for HMLS.
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Figure 7. Case study areas used for tactile paving segmentation. (a) City of Madrid with the locations
of two acquisition zones highlighted. (b) Madrid Zone 2 comprising 8 streets, (c) Madrid Zone 1
comprising 11 streets, (d) City of Mantova with the surveyed area highlighted, (e) Detailed view of
the Mantova study area.
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The point clouds from Madrid captured by the TRK700 Evo were pre-classified using
Cyclone Pegasus OFFICE, which automatically assigned semantic classes such as ground,
curbs, buildings, trees, and others [71]. Cyclone Pegasus OFFICE performs object classifica-
tion based on geometric, radiometric, and trajectory-derived features. According to the
manufacturer, the TRK700 Evo mobile mapping system provides a positional accuracy
of <20 mm RMS and a relative point accuracy of 8-15 mm under standard urban operat-
ing conditions. The classification engine in Cyclone Pegasus OFFICE follows rule-based
detection of surface discontinuities, height jumps, planar regions, and linear curb struc-
tures to assign semantic labels. In contrast, the data from the BLK2Go system and Stonex
X70GO did not include semantic labels and was processed using height-based and spatial
filtering techniques, as described in Section 3.1, to isolate sidewalk surfaces. All datasets
include not only 3D spatial coordinates (X, Y, Z), but also RGB colour values and laser
intensity information.

Each acquisition platform differs in both field survey speed and the computational
effort required to process the resulting point clouds. The workflow used in this study
involves five main processing stages: trajectory computation, height and spatial filtering,
rasterization, semantic segmentation and polygon reconstruction. For the Pegasus TRK700
Evo, these stages typically require approximately 10-20 min, 3-5 min, 2—4 min, 1-2 min
and 1-3 min per kilometre, respectively. For the handheld BLK2Go and Stonex X70GO
systems, trajectory computation generally requires 5-10 min per loop, while the remaining
processing stages require approximately 3-5 min, 3-5 min, 1-2 min and 1-3 min per
kilometre, respectively.

Once a georeferenced LAS file is available, the total processing time required by the
proposed workflow is broadly similar across all systems, typically 20-35 min per kilometre,
as the same filtering, rasterization and segmentation procedures are applied regardless of
the acquisition method. Table 1 summarizes the survey effort and processing characteristics
for each platform, including survey time per kilometre, total workflow processing time,
typical data volumes and an indicative cost category.

Table 1. Representative survey and processing characteristics for the three acquisition systems.

System ~Survey Time ~Processing Time ~Data Volume Cost
Pegasus TRK700 Evo ~ 2-4 min/km 20-35 min/km 5-15 GB/km High
Leica BLK2Go 55 min/km 20-35 min/km 1-3 GB/km Medium
Stonex X70GO 48 min/km 20-35 min/km 1-3 GB/km Medium

4.2. Input Datasets

To analyze how data resolution and acquisition system impact the segmentation
of podotactile surfaces, four distinct datasets were defined based on the available point
clouds. The MLS Madrid dataset includes only data collected using the TRK700 Evo
system, representing standard mobile laser scanning quality (Figure 8a). The HMLS
Madrid dataset contains only data captured with the BLK2Go device, offering higher
spatial resolution suitable for finer surface features (Figure 8b). The third dataset, referred
to as the MLS/HMLS Madrid dataset, merges input from both systems to train a unified
model that benefits from sensor diversity. Finally, the combined dataset merges input from
all three sources: MLS Madrid, HMLS Madrid, and HMLS Mantova, allowing the model to
benefit from both sensor diversity and geographic variability.
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Figure 8. Examples of input point clouds from Madrid acquisition systems. (a) MLS Madrid data
acquired using the Leica Pegasus TRK700 Evo, (b) HMLS Madrid data captured with the Leica
BLK2Go, (c) HMLS Mantova data captured with the Stonex X70GO.

4.3. Implementation
4.3.1. Section-Based Filtering

The section-based filtering process was applied to the entire point cloud dataset, with
the objective of isolating ground-level surfaces while removing non-pedestrian elements.
Using a cylindrical radius of 10 m (rad) around the MLS trajectory, the point cloud was
segmented into localized cylindrical sections. This allowed the filtering to adapt to the local
geometry of each urban scene and maintain spatial continuity along the acquisition path.

A single-stage vertical filtering procedure was implemented by applying a height
threshold (/) of 2.7 m. This operation retained only the points located below the threshold
effectively removing elevated structures such as building facades, trees, and vehicles while
preserving walkable surfaces like sidewalks (Figure 9). Figure 9a shows an example of the
original unfiltered point cloud. Figure 9b shows the same region after applying the height
threshold (h = 2.7 m), where only ground-level surfaces remain.

After applying the section-based filtering step, an average of 41% of the original
points were retained across all segments. This reduction highlights the effectiveness of the
filtering strategy in discarding irrelevant elements while preserving detailed information
on pedestrian surfaces. The retained points form a refined subset optimized for subsequent
sidewalk extraction and tactile surface analysis.

4.3.2. Curb-Based Sidewalk Extraction

After isolating ground-level surfaces through filtering, the next stage focused on
distinguishing pedestrian sidewalk areas from adjacent road surfaces using curb-based
segmentation. In the dataset captured by the Pegasus TRK700 Evo, curb elements had
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already been annotated as a distinct semantic class by the processing software. These
labelled curb points served as the foundation for reconstructing sidewalk boundaries.

Figure 9. Section-based filtering. (a) Original point cloud, (b) After ground height filtering, showing
only walkable surfaces like sidewalks and roadways.

The curb point cloud was first segmented into localized sections based on the MLS
trajectory, using a cylindrical radius (r) of 5 m. Within each segment, curb points were
grouped, and their spatial distribution was used to compute representative centroids.
These centroids were then connected across adjacent sections to generate continuous curb
polylines on both sides of the sidewalk. In most cases, this step produced clear curb
lines corresponding to the left and right edges of pedestrian zones. These curb lines were
then merged into closed polygons that accurately delineated the sidewalk boundaries. The
resulting polygons were used to spatially filter the ground-level point clouds, retaining only
the points falling within the defined sidewalk areas. This operation effectively excluded
road surfaces, resulting in a clean and well-structured dataset focused exclusively on
sidewalk zones.

The approach performed consistently across the network, with most segments yielding
geometrically accurate sidewalk boundaries. A total of 62 sidewalk surfaces were extracted
from the dataset, corresponding to 30 for Madrid zone 1, 24 for Madrid zone 2 and 8 for
Mantova dataset (Figure 10). The segmentation process produced clear and continuous
sidewalk boundaries. Even in areas with curved geometries or varying widths, the resulting
polygons closely followed the actual curb layout.
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Figure 10. Some of the resulting sidewalk surfaces in grey colour and their curbs in blue colour.

To limit the analysis to tactile paving-relevant areas, the extracted sidewalks were
clipped using circular buffers of radius (r1) equal to 20 m around road intersections,
identified from OpenStreetMap centrelines. A total of 47 intersections were detected within
the study area, 23 for Madrid zone 1, 16 for Madrid zone 2, and 8 for Mantova. After
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applying the intersection buffers, 137 sidewalk surfaces were retained, corresponding to
the sidewalk segments adjacent to these crossings. These filtered sidewalk areas formed the
final input dataset for the detection and modelling of tactile paving features, ensuring that
the analysis was spatially focused on regions where such elements are expected to occur.

4.3.3. Rasterization and Data Augmentation

After isolating the sidewalk surfaces near intersections, the filtered 3D point clouds
were converted into rasterized image-mask pairs using a top-down projection. Each raster
image represented an 8 m x 8 m sidewalk segment at a spatial resolution of 2 cm per
pixel, resulting in images of 400 x 400 pixels. RGB values within each grid cell were aver-
aged to produce coherent images that preserved surface colour and texture characteristics
(Figure 11).

POINT CLOUD IMAGE MASK

MLS
City 1

HMLS
City 1

HMLS
City 2

Figure 11. Examples of the rasterization process used to generate training data.

Binary masks were generated in parallel to annotate the presence of podotactile sur-
faces. In each mask, pixels corresponding to podotactile point cloud labels were marked
as foreground (1), while the remaining pixels were assigned to the background (0). As ex-
pected, tactile paving covered only a small fraction of most scenes, but nearly all rasterized
pairs contained at least some tactile elements, since the selection focused on crossing-
adjacent sidewalk areas.

To address class imbalance and improve the robustness of the segmentation model, a
two-stage data augmentation procedure was applied independently to each dataset config-
uration. For the MLS Madrid subset, 65 original image-mask pairs were first augmented
10 times using general-purpose transformations, resulting in 650 additional samples. A
second augmentation stage targeting podotactile variability was then applied, producing
1200 more samples. This led to a total of 1915 samples for the MLS dataset. For the HMLS
Madrid subset, the original 51 samples were similarly augmented, generating 510 images
during the first stage and 960 during the second, resulting in 1521 HMLS Madrid samples
overall. For the MLS/HMLS Madrid configuration, the full set of 116 original images was
processed through both augmentation stages, leading to a total of 3320 samples. Finally
for the combined dataset of Madrid and Mantova, a total of 137 original image-mask pairs
were used. Due to smaller size of the Mantova subset, its samples were first augmented
20 times, followed by an additional 40 augmentations targeting minority-class (podotactile)
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features. This resulted in a higher number of synthetic samples per original pair. Overall,
the combined dataset produced 5897 samples, incorporating a broader diversity of surface
materials, urban textures, and acquisition conditions across cities.

The final datasets ensured a more even representation of both background and tac-
tile paving regions across training inputs, addressing the imbalance at the spatial level
and enhancing the model’s ability to learn subtle but meaningful distinctions (Figure 12).
Figure 12a shows an original sidewalk image containing podotactile features. Figure 12b
illustrates a geometric augmentation (rotation), and Figure 12c shows a photometric aug-
mentation (brightness change). Figure 12d,e present foreground-focused augmentations
where transformations are applied specifically to preserve and enhance podotactile regions.

Figure 12. Example of image augmentations on MLS Madrid images with podotactile areas. (a) Origi-
nal input image, (b) Geometric augmentation using rotation, (c¢) Photometric change in brightness,
(d) Foreground-focused augmentation (minority class) using rotation and cropping, (e) Foreground-
focused brightness adjustment.

4.3.4. Sidewalk Segmentation

The DeepLabV3+ model with a ResNet-50 backbone was trained on the rasterized
dataset to segment podotactile surfaces from surrounding sidewalk areas. The model
architecture, implemented using PyTorch [72] and TorchVision [73] frameworks, was
initialized with ImageNet-pretrained weights, and its final classification layer was modified
to output two classes: background and podotactile surface. The training input consisted
of 400 x 400 pixel RGB raster images, normalized using standard ImageNet mean and
standard deviation values. The 400 x 400 patch size was chosen to balance local spatial
context with computational efficiency, ensuring that most input tiles contain complete
sidewalk areas while remaining memory efficient.

The model was trained using the Adam optimizer with an initial learning rate of 0.0001
and learning rate scheduling was handled through a ReduceLROnPlateau, which reduced
the learning rate when the validation F1-score plateaued. The loss function combined
weight cross-entropy (with class weights of 1.0 for background and 5.0 for podotactile)
and Dice loss [74], emphasizing accurate segmentation of the minority class. A weighted
random sampler was employed to ensure that images with higher podotactile content were
more likely to appear in each training batch, directly addressing class imbalance at the
sample level.

Training was conducted independently for each of the four datasets: MLS Madrid,
HMLS Madrid, MLS/HMLS Madrid and the combined Madrid-Mantova dataset. In all
cases, the same training configuration was applied to ensure fair comparison. Each dataset
was trained over 40 epochs with a batch size of 8. The augmented training sets contained
1915 samples for the MLS Madrid subset, 1521 samples for the HMLS Madrid subset, 3320
samples for the MLS/HMLS Madrid subset, and 5897 samples for the combine Madrid-
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Mantova subset. For each configuration, the data was split in 80% for training, 10% for
validation, and 10% for testing.

Performance was evaluated using standard segmentation metrics: pixel accuracy,
precision, recall, F1-score, and Intersection over Union (IoU), computed separately for the
podotactile and non-podotactile classes [75]. Pixel accuracy measures the proportion of
correctly classified pixels across the entire image. Precision quantifies the share of predicted
tactile-paving pixels that correspond to true positives, while recall measures the proportion
of reference tactile-paving pixels that are correctly detected. The Fl-score, defined as the
harmonic mean of precision and recall, offers a balanced measure of performance when
both false positives and false negatives are relevant. The Intersection over Union expresses
the spatial agreement between predicted and reference masks by comparing their area of
overlap to their area of union. On the validation set, the MLS Madrid model achieved a
podotactile F1-score of 0.83 and an IoU of 0.71, reflecting solid performance despite the
lower point cloud resolution. The combined Madrid-Mantova dataset yielded an F1-score
of 0.86 and an IoU of 0.75, showing improved generalization across cities and acquisition
conditions. The MLS/HMLS Madrid model further enhanced performance, reaching a
podotactile F1-score of 0.87 and an IoU of 0.77, confirming the benefit of combining sensor
modalities. However, the best results were obtained by the HMLS Madrid model, which
achieved a podotactile Fl-score of 0.91 and an IoU of 0.83, underscoring the value of
higher-resolution input in accurately capturing tactile features (Table 2).

Table 2. Performance metrics for the classification.

Class Precision Recall F1-Score IoU

MLS City podotactile 0.75 0.93 0.83 0.71
non-podotactile 0.99 0.99 0.99 0.99

HMLS Madrid podotactile 0.85 0.97 0.91 0.83
non-podotactile 0.99 0.99 0.99 0.99

MLS/HMLS Madrid podotactile 0.80 0.96 0.87 0.77
non-podotactile 0.99 0.99 0.99 0.99

Combined Madrid-Mantova podotactile 0.80 0.92 0.86 0.75
non-podotactile 0.99 0.99 0.99 0.99

Despite the model’s overall effectiveness, some misclassifications persist across all
configurations. False positives were most frequent in sidewalk areas with texture variations
or surface wear patterns that visually resemble tactile paving, particularly in the lower-
resolution MLS Madrid setup. False negatives were more common in occluded or shadowed
regions, or in scenes with faint or degraded podotactile markings. Separate normalized
confusion matrices for the four datasets (MLS Madrid, HMLS Madrid, MLS/HMLS Madrid
and combined Madrid-Mantova) are shown in Figure 13a—d, respectively, summarizing
pixel-level classification performance in each case. A comparative view of segmentation
results from the three trained models is provided in Figure 14, illustrating differences
in spatial accuracy and prediction consistency across the datasets. Each row shows the
rasterized input image (left), ground-truth mask (middle), and model prediction (right).
Rows correspond to examples from MLS Madrid, HMLS Madrid, and HMLS Mantova,
demonstrating differences in spatial resolution, surface texture, and prediction accuracy.
Examples of failure cases, highlighting false positive and false negative predictions, are
shown in Figure 15, offering insight into common sources of error. These observations
underscore the challenges of real-world urban scenes and motivate further refinements in
data diversity and model design.
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Figure 13. Normalized confusion matrices showing pixel-wise classification performance for the two
target classes: background and podotactile surface. Results are presented for (a) the MLS Madrid
dataset. (b) the HMLS Madrid dataset. (c) the MLS/HMLS Madrid dataset. (d) the combined
Madrid-Mantova dataset.
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Figure 14. Examples of podotactile surface segmentation results for various input configurations.
Each row shows a rasterized input region (left), the corresponding ground truth mask (middle),
and the model prediction (right). The examples include data from MLS Madrid (zoom 1-2), HMLS
Madrid (zoom 3-4), and HMLS Mantova (zoom 5-6). Yellow indicates podotactile areas, and purple
indicates background.
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Figure 15. Classification errors in three scenes (a—c). Left: input images; right: segmentation with
true positives (green), true negatives (grey), false positives (orange), and false negatives (red).

4.3.5. Representation of Sidewalk Functional Areas

Following the segmentation of podotactile surfaces, the predicted labels were trans-
ferred back to the original 3D point clouds, enabling the spatial modelling of distinct
functional sidewalk zones. This process is illustrated in Figure 16, which shows the transi-
tion from input point clouds to predicted podotactile regions and the resulting polygonal
representations. From the full set of 137 intersection-adjacent sidewalk segments across
Madrid and Mantova, podotactile points were detected in approximately 88% of the cases,
confirming the model’s ability to identify tactile surfaces across a wide range of conditions.
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Figure 16. Input point clouds from MLS and HMLS. Predicted podotactile (red) and non-podotactile
(blue) areas. Cluster polygons and full sidewalk boundaries are derived from the segmented output.
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To further structure the predicted podotactile regions, a clustering process was applied
using the DBSCAN algorithm. The clustering was performed using a minimum number
of points (min_samples = 10) and a neighbourhood radius (eps = 0.1). These values
were empirically selected to balance noise removal with the preservation of relevant tactile
patches. As a result, 132 distinct podotactile clusters were identified across the dataset: 110
from Madrid and 22 from Mantova.

Each tactile cluster was transformed into a 2D polygon using alpha shape generation,
with an « parameter of 0.1, which provided sufficiently detailed geometries without over-
fitting to noise. These polygons successfully captured the spatial extent of the tactile tiles
and were exported individually as shapefiles.

For the sidewalks, polygonal outlines were obtained through a two-step alpha-shape
process. First, an intersection alpha shape was computed grom the point cloud of each
crossing area, followed by a road alpha shape generated from the corresponding road-only
points. Both were created using the same alpha value (0.5), selected to ensure consistent
boundaries. The sidewalk polygons were then derived as the geometric difference between
these two shapes, resulting in valid sidewalk boundary geometries for all 132 segments.

Finally, to represent non-podotactile areas, the union of podotactile polygons was
subtracted from the corresponding sidewalk polygons. The result was a clear partition
of each sidewalk segment into podotactile and non-podotactile zones. These outputs,
exported as separate shapefiles, provide a detailed and structured spatial representation of
sidewalk functionality, suitable for GIS analysis or integration into 3D urban models.

4.4. Discussion

The results presented in this study demonstrate the effectiveness of using mobile laser
scanning and handheld mobile laser scanning data, combined with semantic segmentation
techniques, to detect and model podotactile pavement in urban environments. The highest
segmentation performance was achieved on the HMLS Madrid dataset with, F1-score
and IoU, reaching 0.91 and 0.83, respectively. Given that most existing tactile paving
assessments rely on 2D image analysis, this study introduces an automated solution based
on 3D spatial data, offering a more scalable and transport-relevant alternative for mapping
pedestrian infrastructure at city scale.

The comparative evaluation across four dataset configurations, MLS Madrid, HMLS
Madrid, MLS/HMLS Madrid, and the combined Madrid—-Mantova dataset, highlighted
key insights into the influence of sensor type and geographic diversity. While the HMLS
Madrid model delivered the highest accuracy due to its fine spatial resolution and ground-
level perspective, the combined dataset showed notable strength in generalization. With an
Fl-score of 0.86 and an IoU of 0.75, the model trained on data from two cities and mixed
acquisition platforms performed consistently well across diverse urban settings. These
findings highlight the feasibility of deploying this approach across cities for consistent,
data-driven auditing of tactile infrastructure in support of inclusive transport systems.

A significant contribution lies in the model’s ability to detect small, structurally distinct
features such as tactile paving, which typically occupy a minor portion of the scene. In
particular, the Mantova dataset, being smaller in size, benefited from a more intensive
augmentation strategy, which contributed to the balance and robustness of the combined
training set. The majority of detected podotactile areas were red, while the Mantova
dataset contributed additional variability with grey and yellow tiles. This chromatic
diversity highlights the method’s ability to generalize across tactile paving materials and
colour variations.

The structured reconstruction of functional sidewalk areas from segmentation results
represents another key contribution. By applying clustering and alpha shape generation,
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the method translated raw predictions into GIS-compatible polygonal geometries that
distinguish between podotactile and non-podotactile regions. This step enabled the creation
of precise, usable outputs that can be integrated into existing spatial databases or 3D
urban models.

Despite these promising results, some limitations remain. While high performance
was achieved across all datasets, generalization to unseen environments with different
materials, lighting, or occlusion patterns has not yet been extensively validated. The
reliance on RGB raster data introduces potential sensitivity to visual distortions caused
by surface wear, shadowing, or obstruction. In addition, the alpha shape parameter used
for polygon generation may require adjustment when applied to point clouds of different
densities or scales.

The three acquisition systems used in this study present different trade-offs between
cost, survey effort and achievable accuracy. The Pegasus TRK700 Evo (MLS) provides the
fastest data collection speed (2—4 min/km), although it requires higher-cost equipment.
The handheld BLK2Go and Stonex X70GO systems involve lower equipment costs and
are well suited for pedestrian environments but require substantially longer survey times
(approximately 48-55 min/km). Once a georeferenced point cloud is produced, however,
the processing time required by the proposed workflow is comparable across systems
(20-35 min/km), as the same filtering, rasterization and segmentation steps are applied
regardless of the acquisition platform.

When compared with traditional approaches for documenting tactile paving, such as
manual field surveys or rule-based colour/intensity filtering, the proposed deep-learning
workflow offers substantial advantages in accuracy, robustness and scalability. Manual
surveys are labour-intensive and costly to update across entire cities, while rule-based
techniques are highly sensitive to illumination changes, surface wear and material het-
erogeneity. The improved detection accuracy, automation and cross-city generalization
demonstrated in this study therefore justify the increased initial investment in mobile laser
scanning and computational processing, particularly for applications requiring consistent
and up-to-date tactile paving inventories.

Another aspect for consideration is the dependence on intersection-focused sampling,
which, while appropriate for capturing podotactile zones, may limit the model’s applica-
bility to other tactile paving deployments (e.g., in transit stations or mid-block crossings).
Future work could extend the sampling and detection framework to encompass a wider
range of tactile installations and examine the generalizability of the approach across diverse
urban typologies and geographic contexts.

5. Conclusions

This paper introduced an end-to-end methodology for the automated detection and
spatial modelling of podotactile paving using 3D point clouds acquired from both mobile
and handheld laser scanning platforms. The workflow integrates geometric filtering,
image-based semantic segmentation, and spatial clustering to generate structured, GIS-
ready representations of sidewalk areas with and without tactile paving. Targeting sidewalk
segments adjacent to pedestrian crossings, where podotactile surfaces are commonly found,
the approach demonstrates high potential for large-scale deployment in transportation
accessibility assessments and smart mobility systems.

High-resolution rasterization was used to convert point clouds into image-mask pairs
for DeepLabV3+ model training under four scenarios: MLS Madrid data, HMLS Madrid
data, MLS/HMLS Madrid, and a combined Madrid-Mantova dataset.

Evaluation results revealed that the HMLS Madrid model achieved the highest F1-
score and IoU, benefiting from its finer resolution and closer ground perspective. The
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combined Madrid-Mantova dataset demonstrated strong generalization across cities and
sensor types. The MLS/HMLS Madrid configuration slightly outperformed the MLS
Madrid model, indicating the value of data fusion despite minor variance.

Importantly, while the majority of the detected podotactile surfaces were red (typical
in the Madrid dataset) the model also successfully segmented grey and yellow tiles found
in the Mantova dataset. This indicates the pipeline’s robustness to visual and material
variation across different urban contexts.

To our knowledge, there is no previous work that fully automates the extraction and
spatial modelling of podotactile paving from point clouds. This study therefore addresses
an important gap in transportation accessibility research by providing a scalable and
adaptable solution based on deep learning and geospatial analysis.

Overall, the proposed pipeline addresses a notable gap in transportation infrastructure
mapping by offering a scalable, automated solution for detecting tactile paving infrastruc-
ture. The use of semantic segmentation models in conjunction with point cloud geometry
offers a promising direction for translating raw MLS data into meaningful, actionable
insights for urban planning, pedestrian safety, transport equity, and inclusive design.

Future research will explore extending the method to include additional sidewalk
attributes, integrating it with standardized 3D city model formats such as CityGML 3.0 [76],
and validating the approach across more diverse urban contexts and MLS platforms. By
supporting the automated documentation of accessibility features, this work contributes to
the development of more inclusive, data-driven urban environments.
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