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Abstract

In the framework of infrastructure analysis and maintenance in an urban environment, it is important to
address the safety of every road user. This paper presents a methodology for the evaluation of several safety
indicators on pedestrian crossing environments using geometric and radiometric information extracted from
3D point clouds collected by a Mobile Mapping System (MMS). The methodology is divided in four main
modules which analyze the accessibility of the crossing area, the presence of traffic lights and traffic signs,
and the visibility between a driver and a pedestrian on the proximities of a pedestrian crossing. The outputs of
the analysis are exported to a Geographic Information System (GIS) where they are visualized and can be
further processed in the context of city management. The methodology has been tested on approximately 30
pedestrian crossings in cluttered urban environments of two different cities. Results show that MMS are a
valid mean to assess the safety of a specific urban environment, regarding its geometric conditions.
Remarkable results are presented on traffic light classification, with a global F-score close to 95%.
Keywords: Mobile laser scanning, point cloud processing, safety assessment, classification, geographic information system.

1. Introduction
The assessment and improvement of traffic safety is essential for the development of contemporary and
humanized cities. According to the European Road Safety Observatory (ERSO), more than 5000 pedestrians
were killed in road accidents in the EU in 2014, being that a 21% of all road fatalities (ERSO, 2016). The
most common cause of road fatality involving pedestrians are run overs in urban areas. In 2013, run overs
were the cause of 50% of the fatal accidents in urban areas in Spain (AXA, 2014). Moreover, more than 3500
people were injured on run over accidents, being contusions and bone fractures the most common
consequences. However, run overs are easy to prevent to a certain extent (Fundación Mutua Madrileña, 2013).
Most of the run over accidents happen in pedestrian crossing areas, being the driver the main responsible of
the accident. There exists an extensive literature regarding characteristics and behavioral analysis of run over
accidents as well as measures to take in order to prevent these accidents (Hamed, 2001; Jiménez-Mejías et al.,
2016; Retting et al., 2003; US Department of Transportation, 2001; Várhelyi, 1998). In order to assess the
safety of the road environment, different models have been developed: Lassarre et al. (2007) measure the
accident risk based on the exposure of a pedestrian at a certain location on an urban area; Kelly et al. (2007)
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assess the walkability of pedestrian environments by identifying and weighting parameters such as the quality
of the pavement, the traffic volume or the street lightning. Basile et al. (2010) develop a safety index for the
assessment of the safety on pedestrian crossing environments which is based on four main criteria: Spatial and
temporal design, day-time visibility, night-time visibility and accessibility.
All the mentioned safety assessments are conducted manually, based on on-site inspections and surveys.
Nowadays, LiDAR based mobile mapping technology is able to collect 3D data in a reliable, accurate manner
(Puente et al. 2013) and allows for the automatic or semi-automatic collection of geometric and semantic
parameters in road environments, hence avoiding the manual collection of a large proportion of the required
assessment data. The literature regarding the acquisition of data that may be used for safety assessments is
vast. Works as (Miyazaki et al., 2014; Zhou and Vosselman, 2012) are focused on the detection of curbs in
3D data acquired with laser scanner. Serna and Marcotegui (2013) propose an accessibility analysis once the
curbs are detected, establishing itineraries for people in wheelchairs according to the obstacles found in the
road. In addition to being detected, several urban objects with an impact on road safety assessment can be
semantically classified in order to get a better understanding of a 3D scene. For example, in (Serna and
Marcotegui, 2014; Yang et al., 2015) objects such as buildings, vehicles, trees or poles are classified from
cluttered urban 3D scenes. Recently, Yang et al. (2017) proposed a semantic labelling framework of 3D point
clouds based on appending several features on different scales of previously segmented objects. Combining
point-based features such as Fast Point Feature Histogram (FPFH), segment-based features (principal
directions, sizes and dimensionality of each segmented object), object-based features (viewpoint feature
histogram) and contextual features, a classification model was developed to distinguish objects such as traffic
signs, guardrails or power lines among others. Research is also focused on the classification of road network
assets, such as vertical signage (Riveiro et al., 2015; Wen et al., 2015) and road markings (Cheng et al., 2017;
Guan et al., 2014), with promising results for both elements. Yu et al. (2016) are able to detect and classify
traffic signage with state of the art accuracies using bag-of-visual-phrases representations for the detection
task and a deep Boltzmann machine feature encoder for the classification task, where features are directly
extracted from 2D images where the detected 3D traffic signs have been previously projected. Similarly, (Yu
et al., 2015a) propose a method for the extraction and classification of road markings consisting of a
segmentation process which relies on an intensity-based multisegment thresholding, and a classification based
on heuristic decisions for large-size markings and a deep learning model that takes binary representations of
the road markings as feature.
Regarding visibility analysis, there exist research that study the effects of different hazards that may
deteriorate the visibility conditions (Abdel-Aty et al., 2011; Mueller and Trick, 2012), but there is little
research analyzing visibility parameters from dense 3D point clouds. A relevant work is the one presented by
Alsadik et al. (2014) where they address three different problems related with visibility: Camera network
design, guidance with synthetic images and gap detection in a point cloud; based on surface triangulation and
voxel-based approaches.
In this work, a methodology that assists the safety assessment on pedestrian crossing environments taking
advantage of mobile mapping technology is proposed. The motivation for this work is to close the gap that
exists between the manual safety assessment analyses that are carried out to this day and the capabilities of
mobile mapping technology to offer an accurate description of road environments in an automated way. The
contributions of this work are therefore (1) The definition of a workflow that extracts geometric and semantic
information from a 3D point cloud which can be utilized to define the safety of a pedestrian crossing
environment; and (2) The organized visualization, as a safety map, of all the data on a Geographic
Information System (GIS).

2. Methodology
The proposed methodology is organized in four modules, each of them aiming to collect geometric and
semantic information on the environment of a pedestrian crossing: (1) Accessibility analysis, (2) Traffic lights
classification, (3) Traffic signs classification, and (4) Visibility analysis. Data defining pedestrian crossings
are considered as an input for this work as obtained from (Soilán et al., 2017). The methodology workflow is
shown in Figure 1.

Figure 1. Methodology workflow.

2.1. Point cloud preprocessing
Let { , , 𝓜} be the inputs for this work, where = { , , , 𝑰, } is a point cloud containing the , ,
coordinates together with intensity and time stamp for each 3D point, = { , , , } represents the
trajectory of the vehicle as collected by its navigation system, and 𝓜 = { , … , 𝑖 , … , }, 𝑖 = … | 𝑖 ⊂
contains the set of pedestrian crossing objects that have been detected within applying (Soilán et al.,
2017) methodology, which consists of a number of processing steps that, given a point cloud , selects 3D
points belonging to road markings by taking advantage of the reflective properties of the paint material, and
subsequently classifies them (distinguishing several types of arrows and pedestrian crossings), finally
allowing to extract each pedestrian crossing as a subset of .
First, the input point cloud is preprocessed. This work intends to study the environment of the pedestrian
crossings in the point cloud, therefore a large proportion of the 3D points will not provide relevant
information and can be removed from further processing steps. For that purpose, a transformation matrix is
obtained for each pedestrian crossing in 𝓜 such that
(1)
=
𝟎

where
represents a rotation around z-axis of an angle 𝛼 formed between the y-axis and the
longitudinal direction of the road marking, and
represents a translation equal to the centroid of the
pedestrian crossing coordinates.
Using the matrix , the input 3D data get centered on a pedestrian crossing, and orientated towards its
principal direction (Equation 2).
= ·
(2)

where
contains the homogeneous coordinates of the transformed point cloud and
the original
homogeneous coordinates. Let
be the transformed point cloud removing the homogeneous notation.
The second preprocessing step consists of the definition of the pedestrian crossing environment. Using the
transformed point cloud , it is straightforward to select those points that define the surroundings of the
crossing area. Indices of points whose y coordinate is between ⁄ −
and ⁄ +
, where l is the
length of the pedestrian crossing along y axis, are selected. Let 𝒮 , be a function that selects a subset of
points with indices within a point cloud . The environment of the pedestrian crossing is defined as
= 𝒮
,
Finally, ground and non-ground points are segmented on point cloud . For this purpose, a voxel-based
segmentation inspired on (Douillard et al., 2011) algorithm for dense data is applied. The point cloud is
voxelized, that is, a cubic cell grid is defined. Then, for every voxel, vertical mean and variance are computed
and subsequently a region growing algorithm groups neighboring voxels whose mean and variance
differences are less than two respective thresholds, 𝜇 and 𝜎 . In order to speed up this process, voxels that
contain points from the pedestrian crossing are selected as seeds for the region growing algorithm, and the
ground segment is defined with the grouped voxels once the growing process finishes. The algorithm returns
the indices of the points in
and (both point clouds share the same indices) that belong to the ground and
non-ground segments, ,
, defining ground and non-ground point clouds as
=𝒮
,
and
=
𝒮
,
respectively.
2.2. Accessibility analysis

The Spanish Ministry of Public Works and Transport has defined the maximum transversal and
longitudinal slope on accessible pedestrian routes as 2% and 8% respectively. Furthermore, the maximum
slope on accessible ramps has been set as 12% (Ministerio de Fomento, 2010). These specifications ensure an
accessible and safe route for disabled people, and therefore they are essential for the quality of the crossing
environment. In this section, accessibility at the entrances of a pedestrian crossing is studied. First, it is
necessary to detect non-accessible areas on the ground segment. Normally, urban areas intended for
circulation of vehicles and pedestrians are separated by curbs, small steps forming an edge between the road
and the sidewalk. An accessible pedestrian route cannot include curbs, therefore the presence or absence of
this obstacle has to be detected in the crossing area.
Given the geometric information in the 3D point cloud
, curbs are detected following a modification of
(Wang et al., 2015) road boundary detection algorithm, consisting on a saliency analysis which separates the
input point cloud in two segments, one of them containing points that belong to horizontal surfaces, and other
with the remaining points (including façades, walls or curbs). Salient points are grouped via Euclidean
clustering (Yu et al., 2015b) and filtered based on their elevation, horizontal length and distance to the
trajectory (Wang et al., 2015), obtaining a set of point indices that represent potential curbs. Finally, false
detections are avoided intersecting indices and , such that a curb map
=𝒮
, ⋂
is defined
(Figure 2a).
Then,
is divided in a number of slices along x-axis (perpendicular to the trajectory direction) and a
region growing process is performed on each slice following:

1) Slice generation: 𝑖 = 𝑖 , 𝑖 , 𝑖 ⊂
| 𝑖 > 𝑖 + 𝑖− · 𝑖 , 𝑖
𝑖 + 𝑖 · 𝑖 , where
𝑖 is the minimum value of the y coordinate in
and 𝑖 is the width of each slice, which was set to
20cm.
2) Two different seed points are selected:
= , , ⊂ 𝑖 | = min ∈ 𝑖 | > , and 𝑖 ℎ 𝑖 =
𝑖
, , ⊂ 𝑖 | = max ∈ 𝑖 | < .
3) For each seed, points of the slice are grouped independently on right and left side of the pedestrian
crossing area. The region growing stops whenever a point of the curb map
is found.
After this process, accessible road entrances are determined by comparing the length of neighboring slides,
as depicted in Figure 2b.
Finally, the coordinates of the detected road entrances and the pedestrian crossing are matched. If the
intersection between y coordinates of both elements leads to an interval of 2 meters or more (Figure 2c), the
pedestrian crossing is classified as accessible (note that the accessibility is studied separately on the right and
on the left); otherwise, it is classified as non-accessible crossing. According to (Ministerio de Fomento, 2010),
the width of the road entrance should be between 1.2 and 1.8 meters depending on the regional normative,
therefore the accessibility output complies with national standards.
Other relevant parameters that can be extracted from this analysis are the longitudinal and transversal
slopes of the pedestrian crossing area. Given the 3D point cloud data of a pedestrian crossing marking 𝑖 , the
slopes can be obtained as
−
(3)
𝑖
% =
·
− 𝑖
(4)
(
−
𝑖 )
𝑔𝑖
𝑖
% =
·
− 𝑖

where
, 𝑖 are the x coordinates of two points of the road marking which form a line that
approximates the trajectory of a pedestrian who is crossing the road,
,
are the heights of
these points, and analogously,
, 𝑖 are the y coordinates of two points forming a line which is
perpendicular to the aforementioned trajectory (Figure 2a).
This processing module outputs the following information for each pedestrian crossing in 𝓜:
1) Access_left (Boolean): Indicates whether the pedestrian crossing area on the left side of the trajectory
direction is part of an accessible pedestrian route.
2) Access_right (Boolean): Indicates whether the pedestrian crossing area on the right side of the trajectory
direction is part of an accessible pedestrian route.
3) Longitudinal_slope: Numerical value of the longitudinal slope as obtained in Equation 3. National
standards define the maximum longitudinal slope as 8%.
4) Transversal_slope: Numerical value of the transversal slope as obtained in Equation 4. National
standards define the maximum transversal slope as 2%.

Figure 2. Accessibility analysis. (a) The curb map
is highlighted in red, defining non-accessible areas. Green and orange lines are
used to define longitudinal and transversal slopes respectively. (b) The point cloud is divided in slices on the right and the left sides of the
pedestrian crossing. Each slice grows until a point from the curb map is found. By comparing the length of neighbouring slices, it is
possible to define road entrances. (c) The accessibility is evaluated by checking the overlap between the road marking and the road
entrance (dotted areas).

2.3. Presence of traffic lights
This processing module defines whether or not a pedestrian crossing area is controlled by traffic lights.
Geometrically, traffic lights can be defined as pole-like objects with standard measures that are typically
located close to the edge of the road. Aiming for detecting these objects, point cloud
is analyzed for each
pedestrian crossing in 𝓜. It contains all the non-ground 3D points on the pedestrian crossing surroundings.
First, a Euclidean clustering process groups 3D points together, obtaining a set of clusters
𝓒 = {𝐶 , … , 𝐶𝑖 , … , 𝐶 } | 𝐶𝑖 ⊂
. Subsequently, a segmentation process filters out those clusters that do not
contain a pole-like object. Finally, a supervised classification approach distinguishes traffic lights from other
pole-like objects as trees or street lights.
2.3.1. Pole-like object segmentation
For each cluster 𝐶𝑖 , the point with minimum elevation min is obtained. Then, a distance
= .
is
defined and a group of horizontal profiles is defined such that profile number contains points with z
coordinates within min +
− and min + · . Then, the 3D points of each horizontal profile are
projected on a horizontal plane = min +
−
and a circle is fitted from the resulting coordinates.
For each circle, its radius , center
, and mean-squared error with respect to the points of the profile,
are computed, and the following parameters are retrieved for each cluster 𝐶𝑖 (Figure 3a):
1) Maximum radius max
| = … .

2) Angle 𝛼 between the principal direction of the 3D points that correspond with the circle centers
| = … (which is obtained applying a Principal Component Analysis (PCA) and selecting the
eigenvector corresponding to the largest eigenvalue) and the vertical [0 0 1].
𝑀𝑆𝐸𝑘
3) Average value of mean-squared errors ̅̅̅̅̅̅ = ∑ =
.
4) Height of the cluster, ℎ𝑖 .
The cluster 𝐶𝑖 will be considered a pole-like object if:
𝛼< º
max
<
{ ̅̅̅̅̅̅
< .
ℎ𝑖 <
where radius and height thresholds have been set according to the standard sizes of traffic lights, while
angle and mean-squared error thresholds have been set empirically in order to avoid as many false positives as
possible while avoiding false negatives.
Clusters that do not satisfy these conditions are filtered out, and only pole-like clusters
𝓒 = {𝐶 … 𝐶 𝑖 … 𝐶 }| 𝓒 ⊂ 𝒞 are fed into the classification step (Figure 3b).
2.3.2. Traffic light classification
Traffic lights are found via supervised classification. Specifically, two different models have been
computed for classifying the main types of traffic light in Europe: Column traffic lights (Type 1) and mast
arm traffic lights (Type 2). First, for each pole-like cluster, PCA is applied and the points on the cluster are
transformed to the coordinate system of the three principal directions. Then, transformed points are projected
into a 2D raster grid with a variable grid size such that the number of columns is fixed to 128 for every point
cluster. Subsequently a binary image is computed from the raster grid, setting to true pixels corresponding to
cells that contain at least one point (Figure 3c).
Binary images 𝓘 = {𝑰 , … , 𝑰𝑖 , … , 𝑰 } are divided in two sets according to the image aspect ratio (number of
columns / number of rows). Studying the standard dimensions of traffic lights, it was considered that images
with an aspect ratio larger than 3 would contain all Type 1 traffic lights, while the remaining images contain
all Type 2 traffic lights. Image sets can be defined as 𝓘𝒃 = 𝑰 ∈ 𝓘 |
𝑖 𝑰𝑖
, 𝓘 =𝑰 ∈
𝓘|
𝑖 𝑰𝑖 < .
Images from sets 𝓘 and 𝓘𝒃 are resized to [
] and [
] sizes respectively. If the original image is
bigger than the resized version, it is resized using bicubic interpolation. Otherwise, it is padded with zeros.
With this step, it is possible to extract image-based features of fixed size for the classification stage.
For the classification of Type 1 traffic lights, a pixel distribution feature is defined. For each resized image
from 𝓘𝒃 , the proportions of ‘1’ pixels on each row and each column are computed and subsequently appended,
obtaining a feature of 170 elements. The model used for the classification of the features is a Cubic SVM.
Regarding Type 2 traffic lights, the binary image is directly transformed into a feature, appending all its
pixel values to a single vector. The binary feature has 12,288 elements and it is classified using a two layer
feed forward neural network with sigmoid hidden and softmax output neurons.
Model training details for both classification models can be found in Section 3. This processing module
outputs a subset of 𝓒 which contains only those 3D point clusters classified as traffic lights of Type 1 or 2.
(Figure 3d).

Figure 3. Presence of traffic lights. (a) Pole-like objects segmentation. Circles are fit to a group of horizontal profiles. The quality of the
circle adjustment, the position of the centers and the radius of the circles are used for defining the object as a pole. (b) Pole-like objects
are segmented from the point cloud
. (c) Each pole-like object is projected to a 2D plane and binary images are created, where
features for classification are extracted. (d) Two types of traffic lights are classified.

2.4. Presence of traffic signs
Vertical signage is an essential element of the infrastructure. It regulates traffic and warns drivers of
potential road hazards. In the context of a pedestrian crossing environment, traffic signs may inform a driver
of the presence of traffic lights or an area with pedestrian priority, diminishing the probability of run overs.
Previous work (Soilán et al., 2016) posed a vertical traffic sign detection and classification algorithm, based
on the radiometric properties of the traffic sign panels (González-Jorge et al., 2013) which are related with the
intensity property of the 3D point cloud. Traffic sign panels are detected by selecting clusters of points with
large intensity values, and filtering out clusters whose size and dimensionality do not correspond with
standard sizes for traffic signs.
Then, in order to give a semantic description of the detected traffic signs, their symbols have to be
interpreted. However, the resolution of the 3D point cloud is not enough to recognize it, therefore RGB
imagery provided by the MMS has to be used. Given the calibration parameters of the MMS cameras (Puente
et al., 2013b), a cluster of 3D points can be projected onto images where it can be seen. Traffic sign
recognition is carried out using the Deep Neural Network model from (Arcos-García et al., 2017), which
comprises convolutional and spatial transformer layers, and show state-of-the-art performance.

This processing module outputs a set of traffic sign objects containing geometrical parameters (position,
azimuth of the traffic sign panel or distance to the trajectory, among others) and semantic information (traffic
sign class).
2.5. Visibility analysis
It is important to ensure the visibility between drivers and pedestrians in pedestrian crossing environments.
In order to avoid run overs, pedestrians are encouraged to cross the road only in places with good visibility,
and administrations are advised to remove any obstacles (street furniture, parking spaces, vegetation) that
prevent a good visibility (RACE; Goodyear, 2015).
According to the Spanish department responsible for the transport network (Directorate General of Traffic
(DGT)), any object is considered to be in the visible area of a driver when being the vehicle located at the
minimum distance needed for it to stop in safe conditions (stopping distance), the object is within the vision
field of the driver and there is not any obstacle occluding the visual contact. With the available 3D point cloud
data, it is possible to check if a pedestrian would be visible for a driver on a certain location.
First, the stopping distance (
has to be computed. It is defined as:
𝑉
𝑉
(5)
·
+
.
𝜇 ±𝑖
where 𝑉 is the the vehicle speed, measured in km/h,
is the reaction time, 𝜇 is the friction coefficient
(whose values are tabulated, depending on the speed) between wheels and pavement, and 𝑖 is the slope of the
road.
Aiming for a conservative study of the visibility, the values selected for both 𝑉 and
are 50km/h
(maximum allowed speed in urban areas) and 2 seconds respectively. Under these assumptions, the stopping
distance of a vehicle is approximately 35 meters for a flat surface.
Let 𝑖 ∈ 𝓜 be a pedestrian crossing object and
be its corresponding non-ground point cloud. In
order to check the pedestrian-vehicle visibility, a 3D point cloud pedestrian template is merged with
at
both sides of the pedestrian crossing. Note that the coordinates had been transformed such that x-axis and yaxis represent the transversal and longitudinal directions of the pedestrian crossing (Section 2.1). Therefore,
the integration of the template within
is straightforward: Being
,
,
the point with minimum
elevation of the template, a translation vector is defined such that
=
− − ,
− ,
−
where is the minimum x coordinate, is the average y coordinate and is the minimum z coordinate of the
pedestrian crossing 3D points. This translation locates the template on the left side of the pedestrian crossing.
A rotation of 180 degrees about the origin locates the template on the right side, allowing the visibility
analysis on both sides of the crossing area (Figure 4a).
The visibility analysis relies on González-Jorge et al. (2016) vision model, based on a ray-tracing
algorithm which creates a Line of Sight (LoS) from the driver point of view to a target point, and checks for
occlusions that may be caused by obstacles such as cars, walls or trees. Occlusions are detected as points
within a 3D cylinder of diameter 0.5m created along the LoS.
For the visibility between the driver and a pedestrian who is nearby a pedestrian crossing, a set of driver
points of view (PoV) is created, using the trajectory points between the stopping distance and the pedestrian
crossing and defining the eyes of the driver 1.2 meters above the ground.
A visibility definition is given for each PoV such that it is labelled as 1) Point with good visibility, 2) Point
with bad visibility, or 3) Point with no visibility. The labelling procedure is as follows: First, a LoS is created
between the PoV
, ,
and each point
, ,
of the pedestrian template, obtaining a set of
parametric equations
=

=

+ ·

=

+ ·

=

+ ·

−

−

(6)

−

The angle 𝛼 between the LoS segment, whose director vector is ‖
− ),
−
,
−
‖ and the
direction of the trajectory is computed in order to check whether or not the pedestrian is on the horizontal
field of view (FoV) of the driver. This range depends on the vehicle speed, narrowing as the vehicle moves
faster (tunnel vision). Considering a driver with an average eyesight, the horizontal field of view when driving
at 50km/h is slightly less than 90 degrees (FoV = 45º on each side). If 𝛼 >
𝑉 for any LoS, the point of
view is labelled as a point with no visibility.
If the pedestrian is located within the horizontal field of view of the driver, the existence of occlusions is
examined. They are found as a number of 3D points within a volume around a LoS. For each line, a number
of points equally spaced and belonging to the line are selected by varying the parameter from Equation 6
(Figure 4b). Each point will be the center of a sphere of diameter
. An occlusion is found
ℎ = .
whenever a number
of points of
lies within one of the spheres for the selected LoS. For the results
seen in Section 4, was given values from 0.01 to 1 in steps of 0.01, generating 100 points per line; while ,
considering the typical point cloud density for the study case dataset (Section 3) has been set to 50 points,
therefore selecting as occlusion points spherical volumes whose densities are larger than

⁄𝑉

ℎ

=

⁄ . Having in account the point cloud density and the distance from the laser scanner to the possible
occlusions, these parameters ensure that occlusion points do not belong to scattered or noisy points.
Finally, each PoV is labelled according to the following criteria, based on the proportion of visible points
of the pedestrian from the perspective of the driver:
1) Point of view with good visibility: More than 75% of the pedestrian points are visible. Small objects such
as bins, benches or other urban furniture may slightly affect the visibility of small parts of the crossing area
without affecting the visual contact between driver and pedestrian.
2) Point with bad visibility: Between 25 and 75% of the pedestrian points are visible. Parked cars, trees or
trash cans may impede the visibility of the pedestrian, increasing the hazard level on the pedestrian crossing.
3) Point with no visibility: Less than a 25% of the pedestrian points are visible. The visibility is critical for
these points.
Furthermore, the same process can be applied in order to analyze the visibility of the detected traffic lights.
If one or more traffic lights are detected applying the method on Section 2.3, the visibility of the point cluster
that defines the traffic light from the stopping distance is checked. The same labelling approach assigns a
visibility label to each traffic light.
This processing module outputs the set of points of view used for analyzing the visibility together with the
visibility label for each point of view, for driver-pedestrian visibility and driver-traffic lights visibility.

Figure 4. Visibility analysis. (a) A pedestrian template is located at both sides of the pedestrian crossing in order to check the visbility
from the perspective of a driver. (b) A set of lines of sight is defined between each point of view and each point of the pedestrian
template. For each line, obstacles may be detected as points inside spheres centered on different points within each line of sight.

2.6. Data exportation and visualization
All the data obtained in Sections 2.2 to 2.5 is gathered in order to be visualized, or further processed, in a
GIS software:
 Accesibility: The accessibility on both sides of the pedestrian crossing is defined in Section 2.2 as
a Boolean variable, set to true if the crossing area is accessible. In order to clarify which variable
corresponds to the left side and the right side of the pedestrian crossing within a GIS layer (notice
that left and right are conceptually defined given the trajectory direction), a point from each side
of the pedestrian crossing is associated to the corresponding accessibility variable. Furthermore,
slopes are integrated as a property of the pedestrian crossing object.
 Traffic Lights: Those traffic lights that are classified as Type 1 are exported as the 2D centroid of
the ,
coordinates of the object. Differently, Type 2 traffic lights are exported as a 2D
bounding box resulting from the projection of their points on the XY plane. A visibility label is
also related to each traffic light.
 Traffic Signs: Each traffic sign is represented in a GIS layer as a 2D point with several properties
such as the class of the sign. Furthermore, a 2D image of the traffic sign can be attached to each
point in the layer whenever imagery is available on the MMS data.
 Visibility: It is represented as a group of 2D points corresponding with the projections on the XY
plane of the analyzed points of view, each of them associated to a visibility label indicating the
visibility degree from the vehicle stopping distance to the pedestrian crossing.
The visualization of these data is exemplified in Figure 5. A total of six GIS layers can be visualized
superimposed over a georreferenced ortophoto. The road marking is visualized as a rectangular bounding box
with the slopes as properties (Figure 5a). The accessibility (Figure 5b), traffic lights, traffic signs (Figure 5c)
and visibility (Figure 5d) are shown as 2D points with several attributes attached to them.
Finally, a safety rating can be computed for each pedestrian crossing using all the gathered data. There are
different possible approaches in order to quantify the safety of an urban area. Basile et al. (2010) weight a
large number of parameters, some of which are based on the geometry (pedestrian crossing width,
accessibility, presence of obstacles, presence of traffic lights, etc.) but also non-geometrical parameters
(efficiency and duration of red-green traffic light phases, audible signals, etc.). Similarly, (RACE, 2009) took
part in a pedestrian crossing safety analysis across 22 European countries, establishing four thematic blocks
that have an impact on the quality of a pedestrian crossing: Crossing system, day-time visibility, night-time

visibility, and accessibility. Weighting all these parameters is under a subjective criteria up to the road
authorities.

Figure 5. Visualization of the output data. (a) The pedestrian crossing is defined with a bounding box and the transversal and longitudinal
slope. (b) The accessibility is defined with two points, one on each side of the crossing area, each of them having a binary variable
attached indicating whether the crossing area is part of an accessible route or not. (c) Traffic lights and traffic signs are defined with their
2D coordinates, a visibility label, and a class obtained during the classification process. Traffic signs may have an image attached if the
MMS collects 2D imagery. (d) The driver-pedestrian visibility is defined as a group of 2D points from the stopping distance with a
visibility label attached to them.

3. Case study
The LYNX Mobile Mapper by Optech (Figure 6a) was used for the collection of the data. It has two
LiDAR sensor heads with a field of view of 360º, which collects up to 500,000 measurements per second. The
sensor heads were placed with an angle of 45º with respect to the trajectory and 90º between their rotational
axes. The navigation system comprises an Inertial Measurement Unit (IMU) and a two-antenna heading
measurement system (GAMS). More technical specifications can be found in (Puente et al., 2013b).
The methodology in Section 2 was tested in two different scenarios in the northwest of Spain. The first
one, located in the city of Lugo, is a cluttered one-way avenue surrounding the city center (Figure 6b). The
second scenario is a two-way street in a school zone in the city of Vigo (Figure 6c). Furthermore, the
classification models used in Section 2.3 were trained with 3D data from two large avenues in Vigo. The point
clouds were segmented in order to find pole-like structures following Section 2.3.1 method. A label was
manually assigned to each pole-like object, defining five classes: Traffic light (Type 1), traffic light (Type 2),

street lamp, tree, and other pole-like objects. Table 1 summarizes the case study relevant data. A total of 27
pedestrian crossing areas have been studied and the classification data contains almost 800 objects among the
five classes.
Table 1. Case study data.
Area

Usage

Lugo (City center)

Methodology testing

Points

Relevant info

97 762 746

15 pedestrian crossings

Vigo (School zone)
Vigo (Avenues)

Methodology testing

52 779 090

12 pedestrian crossings

Classifier training

438 747 846

772 pole-like objects

Figure 6. Case study. (a) Mobile Mapping System used on the survey. (b) Lugo (city center) trajectory data. (c) Vigo (School zone)
trajectory data.

4. Results and Discussion
In this section, the results obtained for the safety assessment of pedestrian crossing environments using
MLS data are detailed. These results are compared with manually gathered references, and causes of error
together with possible disadvantages of the methodology are discussed. Note that results are offered for every
processing module within the methodology presented in Section 2 with the exception of traffic sign
classification, as the implemented algorithm relies on previous work whose results have already been
discussed in Soilán et al. (2016).

4.1. Accessibility evaluation
The accessibility analysis module outputs qualitative information indicating whether the pedestrian
crossing area is part of an accessible pedestrian route. It is given by two binary variables, one for the
accessibility of each side of the crossing. A confusion matrix showing the results for the case study presented
in Section 3 is presented in Table 2. A total of 54 road entrances were analyzed following the method on
Section 2.2 (two entrances for each pedestrian crossing). It can be seen that the entirety of the pedestrian
crossings in the case study are accessible. However, there are some cases where the method outputs the
opposite. An error analysis shows that the presence of vehicles may lead to the detection of obstacles that are
misclassified as curbs, and also to occlusions of the crossing area. That is the case for the pedestrian crossing
on Figure 7a. A vehicle, illegally parked on the pedestrian crossing area, causes the algorithm to indicate that
the road entrance is not accessible, although there exists a ramp to access the sidewalk.
Table 2. Confusion matrix: Accessibility analysis.
Output/Target

Not Accessible

Accessible

Not Accessible

0

3

Accessible

0

47

4.2. Traffic light classification
Traffic lights are classified according to the method on Section 2.3. The metrics used for quantifying the
results are Precision, recall, and F-score:
𝑃
(7)
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where TP, FP and FN are, respectively, the number of true positives, false positives and false negatives.
Results are shown in Table 3. The classification rates seem promisingly good having in account the simplicity
of the features utilized for the classification. Specifically, the classification model for Type 2 traffic lights has
been easily trained with a 100% of accuracy, generalizing for the case study data. It is relevant to notice that
this classification process includes 5 classes: Traffic Light (Types 1 and 2), street lamp, tree and others.
Among the ‘others’ class, vertical signage have been found to be frequently misclassified as Type 1 street
lights. Furthermore, some traffic signs are held on traffic lights, increasing the chance of a false negative. In
order to solve this problem, traffic sign panels detected from Section 2.4 algorithm are removed from the
pole-like object clusters before the classification process.

Table 3. Traffic light classification results.
Precision

Recall

F-score

Number of objects

Traffic Light: Type 1

90.0%

96.4%

93.1%

28

Traffic Light: Type 2

100%

100%

100%

8

Traffic Light: Types 1-2

92.1%

97.2%

94.6%

4.3. Visibility analysis
Driver-pedestrian visibility analysis is described in Section 2.5. Different points of view, from the stopping
distance of the vehicle to the proximity of the pedestrian crossing, are labelled according to the visibility
obtained by tracing a line of sight from the driver position to a pedestrian on the sidewalk. The visibility for
all 27 pedestrian crossings (therefore, 54 road entrances) of the case study was obtained and qualitative results
show that the majority of the points are labeled indicating good visibility (52 out of 54 analysis). Two of the
pedestrian crossing entrances show bad visibility, due to the presence of obstacles close to the pedestrian
location, therefore occluding the visibility from the driver point of view (Figure 7b). Although this analysis is
useful in order to locate static, big objects that may occlude the position of a pedestrian, there are several
factors that cannot be addressed with the point cloud data. The presence of vehicles double-parked or illegally
parked on the pedestrian crossing at the moment of the survey may jeopardize the outputs. Furthermore, the
lightning conditions do not have impact on the geometric information gathered by the MMS, hence night-time
visibility.

Figure 7. Results and error analysis. (a) Occlusions caused by vehicles may lead to a wrong accessibility indicator. (b) Example of a
pedestrian crossing with bad visibility; orange points represents points of view labelled as bad visibility, due to the presence of an
obstacle.

5. Conclusions and future work
This work presents an automatic methodology for the assessment of several safety indicators in an urban
pedestrian crossing environment, using 3D point cloud data collected with a Mobile Mapping System. The
methodology consists in four processing modules, analyzing: Accessibility, presence of traffic lights, presence
of traffic signs, and visibility. Each module outputs several parameters that can be exported to a Geographic
Information System in order to be visualized. Weighting these parameters according to the criteria of the
traffic authorities will allow defining a safety index for each pedestrian crossing, highlighting those areas that
need maintenance or any improvement on the geometrical conditions of the crossing area. Conceptually, this

work intends to offer an approach towards the automation of infrastructure assessment processes that are
conducted manually and subjected to the subjective criteria of the operator. Furthermore, the traffic light
classification algorithm presents state-of-the-art results with a global classification score of almost 95%, while
using simple, fast to compute features. In essence, a rich semantic description of a specific area within a 3D
point cloud is given, with a set of parameters that allow a safety-related definition. This work does not intend
to propose a specific safety index, as the criteria for its definition should be agreed with road authorities, but
contributes with (1) a framework to extract information from mobile mapping data that allows the eventual
definition of a safety index, and (2) proof that mobile mapping is a valid mean for the analysis of certain
safety parameters in urban environments.
Future work may have different aspects. On the remote sensing area, there is room for improvement on
every processing module that has been developed. The accessibility information should be considered not
only for the crossing area but also for the sidewalk. The visibility model can be improved, representing the
vision of a driver with more accuracy. Finally, a weighting scheme for the extracted indicators may be needed
in order to translate them to a meaningful safety index for a road crossing area.
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