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Abstract
Nowadays, mobile laser scanning has become a valid technology for infrastructure inspection. This technology permits
collecting accurate 3D point clouds of urban and road environments and the geometric and semantic analysis of data became
an active research topic in the last years. This paper focuses on the detection of vertical traffic signs in 3D point clouds
acquired by a LYNX Mobile Mapper system, comprised of laser scanning and RGB cameras. Each traffic sign is
automatically detected in the LiDAR point cloud, and its main geometric parameters can be automatically extracted,
therefore aiding the inventory process. Furthermore, the 3D position of traffic signs are reprojected on the 2D images, which
are spatially and temporally synced with the point cloud. Image analysis allows for recognizing the traffic sign semantics
using machine learning approaches. The presented method was tested in road and urban scenarios in Galicia (Spain). The
recall results for traffic sign detection are close to 98%, and existing false positives can be easily filtered after point cloud
projection. Finally, the lack of a large, publicly available Spanish traffic sign database is pointed out.
Keywords: Mobile Mapping; Laser scanning; Traffic sign inventory; Traffic sign recognition; Point Cloud Segmentation;

1. Introduction
The visibility and quality of traffic signs is one of the most important factors for road safety. In Spain, driver
distractions are the leading cause of fatal car accident, (RACE et al., 2013). The development of intelligent
vehicles that can warn and inform the driver are crucial to increasing driver safety. Furthermore, the European
Directive on Road Infrastructure Safety Management (European Commission, 2013) remarks that Member
States should ensure periodic inspections of roads in operation. Currently, road safety inspection is typically
done by a qualified inspector who evaluates a number of safety parameters and writes up a report where the
elements that need maintenance are remarked. Therefore, decisions are based upon the knowledge of the
inspector and a subjective diagnosis. A semi-automatic or fully automatic inspection will reduce its subjectivity
and will save public resources while improving the road safety.
The most common source of information for this inventory task are RGB images taken by one or several
cameras installed in a vehicle. The literature on traffic sign detection and recognition on images is numerous,
and a broad variety of computer vision techniques have been applied to this problem. Illumination changes,
occlusions, cluttered scenes or vandalized traffic signs are some of the challenging problems to deal with.
Different color spaces have been used, for instance HSI-HSV (Fleyeh, 2006; Gomez-Moreno et al. 2010), YUV
(Shadeed et al., 2003) or Gaussian color model (Li et al., 2015) as a visual feature to define a traffic sign region.
Shape features have also been studied, such as Hough Transform (Barrile et al., 2012), Local Contour Pattern
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(Landesa-Vázquez et al., 2010), or Local Binary Patterns (Liu et al., 2014). Usually, both color and shape
features are combined in order to obtain a better description. Contextually, there are two possible objectives in
these works: traffic sign detection, this is, computing the regions on an image that contain a traffic sign (Salti
et al. 2015; Wu et al. 2013); and traffic sign recognition, where the specific semantics of the detected traffic
signs are obtained using complex machine learning techniques, such as Convolutional Networks (Sermanet and
Lecun 2011) or Support Vector Machines (Wang et al., 2013a). Some of the cited articles are based on the
German Traffic Sign Detection Benchmark (GTSDB) and the German Traffic Sign Recognition Benchmark
(Houben et al. 2013; Stallkamp et al. 2012) which are respectively a single-image detection and a multi-class
classification challenge. Wang et al. (2013b) obtained the best results for the GTSDB with detection rates of
almost 100%. For GTSRB, Cireşan et al. (2012) got a recognition accuracy of 99.5% with a committee of
Convolutional Neural Networks, improving the human performance. However, geometric inventory parameters
and contextual properties of traffic signs (inclination of the panel, angle and distance with respect to the
trajectory of a vehicle, etc.), which are relevant features to take into account during inventories, are not
considered.
Nowadays, Mobile Mapping Systems (MMS) equipped with laser scanners are able to collect accurate and
reliable 3D point clouds. A survey of an urban or a road environment provides geometric and radiometric
information of infrastructure facilities. Research is focused on the automation of detection and classification
processes for these elements. For example, Zhou and Vosselman (2012) detect curbstones and therefore road
sides in urban areas, Yu et al. (2015) detect street lights using a pairwise 3D shape context that classifies
clustered 3D points, and Serna and Marcotegui (2014) detect and classify 20 urban objects (cars, bollards, traffic
lights, etc.) using mathematical morphology and Support Vector Machines (SVM), and they present an
extensive review of methodologies employed for urban object classification in point clouds. Recently, Yang et
al. (2015) classified several objects (including traffic signs) segmenting multi-scale supervoxels and applying
an hierarchical and heuristic classification process.
This paper intends to combine two sources of information, namely 3D point clouds and RGB imagery, both
installed in a Mobile Mapping System. In our previous work (Riveiro et al., 2015), only 3D data was processed
and the imagery collected by the MMS was omitted. Consequently, in this work the previous methodology is
improved not only by adding RGB imagery but by slightly modifying the point cloud processing workflow.
Therefore, the proposed method has proven to be efficient for the task of detection, classification and extraction
of geometric properties of vertical traffic signs. In Section 2, the proposed methodology is described. In Section
3, the MMS features and the study case are presented. Section 4 will summarize the results and their discussion
by comparing them with the results in (Riveiro et al., 2015), and Section 5 will outline the conclusions.

2. Methodology
The proposed method aims to identify both geometric and semantic properties of traffic signs in urban and
highway environments. For that purpose, two main sources of data are used: point clouds collected with a
mobile laser scanner and imagery collected with RGB cameras, both of them integrated in a MMS.
The general workflow is shown in Figure 1. First, the 3D point cloud is segmented using ground removal
and intensity filter techniques. The segmented cloud is organized using a DBSCAN-based clustering, and
further filtered in order to isolate each traffic sign in the road. Second, the geometric parameters of each detected
sign are extracted. Subsequently, the 3D points of each traffic sign are reprojected on 2D images, using the
trajectory of the vehicle, the time stamp of both 3D points and images, and the relative orientation between the

Figure 1. General Workflow

vehicle and the cameras. Finally, a hierarchical classification method is carried out to obtain the meaning of the
traffic sign.

2.1. Point cloud segmentation

González-Jorge et al. (2013) state that the intensity attribute of a point cloud can be used for segmentation
processes, and therefore for the evaluation of road signs. Furthermore, Pu et al. (2011) classify basic traffic sign
shapes using the intensity attribute to support the process. Similarly to these methods, our point cloud
segmentation method focuses on using the intensity data recorded by the scanner.
First, the original point cloud is preprocessed. Using the trajectory data, the distance from the 3D points to
the sensor is computed, and points further than 20 meters are filtered out. This way, only the information of the
road or street where the MMS is traveling will be kept for further processing.
Let P = (x, y, z, I, ts) be the point cloud after preprocessing, where x,y,z are the 3D coordinates, I is the
intensity, and ts is the time stamp of each point. A ground removal process is used to separate off-ground points
from ground points in P. This step is motivated by two reasons: ground removal significantly reduces the
number of points in the cloud, consequently reducing the computational load and saving memory resources; the
second advantage is that road markings, which present high intensities in the cloud, are removed too so that
they do not distort the filtering based on intensity. Note that the present methodology focuses only on vertical
traffic sign detection, and this way the problem of dealing with road marking detections is avoided.
The ground removal process consists of a rasterization of P onto the horizontal plane. This space reduction
is motivated by two requirements: improving the computational performance of the algorithm; and, given that
mobile laser scanning point clouds are leveled, the projection of 3D points onto the XY plane produce an
appropriate plan view of the environment. During rasterization, it is necessary to define a grid size, 𝑔𝑔𝑠𝑠 , that
defines the resolution of the raster structure. Grid sizes from 20cm to 1m were tested and trade-off between
efficiency and quality of the segmentation was obtained for 𝑔𝑔𝑠𝑠 = 0.5 𝑚𝑚 (for smaller sizes, the quality is similar
while the execution time grows exponentially, and bigger sizes lose local information). For each point 𝑝𝑝𝑖𝑖 in the
cloud, a cell coordinate (𝑥𝑥𝑖𝑖𝑅𝑅 , 𝑦𝑦𝑖𝑖𝑅𝑅 ) and an index 𝑖𝑖𝑑𝑑𝑖𝑖 are assigned following Equations 1:
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Where x and y are the corresponding point coordinates in P.

Different features can be computed using the attributes of the points in each cell. For each feature or
combination of features, the raster structure can be visualized as an intensity image. Each pixel is related with
the points in the cloud with the cell coordinates or with 𝑖𝑖𝑑𝑑𝑖𝑖 .
For each cell (𝑥𝑥 𝑅𝑅 , 𝑦𝑦 𝑅𝑅 ) that contains a set of points 𝑝𝑝 𝑋𝑋𝑋𝑋 = (𝒙𝒙𝑋𝑋𝑋𝑋 , 𝒚𝒚𝑋𝑋𝑋𝑋 , 𝒛𝒛𝑋𝑋𝑋𝑋 , 𝑰𝑰𝑋𝑋𝑋𝑋 ) the number of points
(Equation 2a), the accumulated height (Equation 2b), the vertical variance (Equation 2c), and a height based
image (Equation 2d) are computed.
𝑛𝑛 𝑋𝑋𝑋𝑋 = |𝑝𝑝 𝑋𝑋𝑋𝑋 |
𝑛𝑛𝑋𝑋𝑋𝑋

ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 𝑋𝑋𝑋𝑋 = �(𝑧𝑧𝑖𝑖𝑋𝑋𝑋𝑋 − 𝑚𝑚𝑚𝑚𝑚𝑚(𝒛𝒛𝑋𝑋𝑋𝑋 ))
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The feature 𝐼𝐼ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 , which represents the accumulated height weighted with the vertical variance, discriminates
between ground and not-ground pixels. It is first normalized to the range [0, 1] and its nonzero values are
partitioned in 1000 bins. The height image is binarized using the upper bound of the biggest bin as threshold.
Normally, this threshold removes points in cells such that 0 ≤ 𝐼𝐼ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 ≤ 0.001 with sufficiently good results.

The same raster structure is used for computing the average intensity of the points in each cell (Equation 3),
and the image 𝐼𝐼𝑖𝑖𝑛𝑛𝑛𝑛 is analogously binarized, using the mean of the nonzero elements of 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 as threshold.
𝑋𝑋𝑋𝑋

∑𝑛𝑛𝑖𝑖=1 𝑖𝑖𝑖𝑖𝑖𝑖(𝑝𝑝𝑖𝑖𝑋𝑋𝑋𝑋 )
𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 (𝑥𝑥, 𝑦𝑦) =
𝑛𝑛 𝑋𝑋𝑋𝑋

(3)

The result of an AND operation between both binary images is used as a coarse filtering where ground is
removed and points within cells with low intensities are filtered.

At this point, the cloud is composed not only of traffic signs but also of light poles, façades, or walls. Given
the retro-reflective properties of the traffic sign panels, the intensity attribute is used to classify whether or not
a point may belong to a traffic sign. Assuming that the intensity distribution of both non-reflective and retroreflective points follow a normal distribution (Riveiro et al., 2015), a Gaussian Mixture Model (GMM) with
two components is estimated. The first component, with higher area, covers non-reflective points, whereas the
second component contains a small number of reflective points. Therefore, each point in the cloud is assigned
to the component with the largest posterior probability for its intensity, and those points assigned to the
component with the smallest mean are filtered out from the cloud. It should be noticed that two intensity-based
filters have been applied: using 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 first; and GMM afterwards (aiming to obtain a finer segmentation). The
first filter performs a coarse segmentation, reducing the number of input points within the GMM component
estimation, which reduces computation time and increases the intensity mean of the filtered point cloud,
therefore reducing noise and improving the efficiency of the following clustering process.
Once the remaining points in the cloud have high intensity values, they are clustered using the DBSCAN
algorithm (Ester et al., 1996). This algorithm groups together points with a certain density and discards outliers,
and it can be easily implemented. DBSCAN uses two parameters, the minimum number of points in the
neighbourhood of each point to be part of a cluster, k, and the radius of the neighborhood, eps. For the results
obtained in Section 4, these parameters have been experimentally set to 𝑘𝑘 = 25 (the number of points of a
traffic sign in the surveyed area is always greater than k) and 𝑒𝑒𝑒𝑒𝑒𝑒 = 0.2𝑚𝑚 (covers the points of a traffic sign
but not the surroundings).
The segmentation process finishes with a dimensionality analysis. For each cluster, Principal Component
Analysis (PCA) is performed on the covariance matrix of its points, and the eigenvalues (𝜆𝜆1 , 𝜆𝜆2 , 𝜆𝜆3 ) are used to
compute planarity as 𝑎𝑎2𝐷𝐷 =

�𝜆𝜆2 −�𝜆𝜆3
�𝜆𝜆1

. If 𝑎𝑎2𝐷𝐷 < 1⁄3, that is, the cluster cannot be labelled as a plane (Gressin et

al., 2013) it is filtered out. Non-planar metallic parts or reflective clothing from pedestrians are effectively
removed. Finally, those clusters whose height is less than 25cm are removed too, avoiding to deal with license
plate detections. Figure 2 shows the process of the point cloud segmentation.

Figure 2. Point cloud segmentation. (a) Raw point cloud of an urban area. (b) Ground removal. Points colored in red belong to the ground.
(c) Intensity filtering and point clustering. Points in red belong to traffic sign panels.

2.2. Geometric inventory
Several geometric parameters can be computed for each detected sign. Traffic signs are typically held on a
pole, but they can be placed on walls, lampposts or directly over the ground. The first step of the geometric
inventory is to determine whether or not the traffic sign is held on a pole. A region growing approach is used
for the reconstruction of the surroundings of each traffic sign. For each cluster 𝐶𝐶𝑖𝑖 = (𝒙𝒙, 𝒚𝒚, 𝒛𝒛, 𝑰𝑰, 𝒕𝒕𝒕𝒕, 𝒙𝒙𝑹𝑹 , 𝒚𝒚𝑹𝑹 , 𝒊𝒊𝒊𝒊)𝑖𝑖 ,
that contains a traffic sign panel, the raster indices id are retrieved and an auxiliary cloud 𝐶𝐶𝑎𝑎𝑖𝑖 that contains the
points in the original cloud P that share the indices in the vector id is created. 𝐶𝐶𝑎𝑎𝑖𝑖 is the region from which the
cloud 𝐶𝐶𝑖𝑖 grows iteratively using a neighborhood radius of 0.2m so that a reconstructed cloud, 𝐶𝐶𝑟𝑟𝑖𝑖 is obtained
(Figure 3a).
Subsequently, several segments 𝑆𝑆1 , 𝑆𝑆2 , … , 𝑆𝑆𝑛𝑛 are extracted from 𝐶𝐶𝑟𝑟𝑖𝑖 as shown in Figure 3. Each segment
𝑆𝑆𝑗𝑗 contains points between two heights ℎ𝑏𝑏 − ℎ𝑜𝑜 (𝑗𝑗) and ℎ𝑏𝑏 + ℎ𝑜𝑜 (𝑗𝑗), where ℎ𝑏𝑏 has been set experimentally to
75cm over the lowest elevation in 𝐶𝐶𝑟𝑟𝑖𝑖 , and ℎ𝑜𝑜 is a vector of heights between 15cm and 50cm with steps of 5cm.
Then, the linearity of each segment is computed as 𝑎𝑎1𝐷𝐷 =

�𝜆𝜆1 −�𝜆𝜆2
�𝜆𝜆1

, with 𝜆𝜆1 , 𝜆𝜆2 , being the eigenvalues obtained

from PCA of the covariance matrix. If the linearity coefficient is smaller than 0.5 for every 𝑆𝑆𝑗𝑗 , the traffic sign
is considered not held on a pole and the following parameters are computed as shown in Figure 4:
�, 𝒚𝒚
�, 𝒛𝒛�).
1) Traffic sign position (𝑝𝑝𝑠𝑠 ): It is defined as the centroid of each cluster 𝐶𝐶𝑖𝑖 . 𝑝𝑝𝑠𝑠 (𝐶𝐶𝑖𝑖 ) = (𝒙𝒙
2) Traffic sign height (ℎ𝑠𝑠 ): Height difference between 𝑝𝑝𝑠𝑠 (𝐶𝐶𝑖𝑖 ) and the lowest point in 𝐶𝐶𝑟𝑟𝑖𝑖 .

3) Distance between the trajectory and the traffic sign (𝑑𝑑𝑡𝑡 ): It is defined as the minimum Euclidean distance
between the traffic sign position and the trajectory of the vehicle. 𝑑𝑑𝑡𝑡 = min(𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑝𝑝𝑠𝑠 , 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)).

4) Angle between the traffic sign and the trajectory (𝛼𝛼𝑡𝑡 ): It is defined as the minimum angle between the
normal of the traffic sign panel (obtained as the eigenvector corresponding to the smallest eigenvalue after
applying PCA on 𝐶𝐶𝑖𝑖 (𝒏𝒏𝑠𝑠 )), and the tangent to the trajectory at the point used for computing 𝑑𝑑𝑡𝑡 (𝒕𝒕𝑡𝑡 ). 𝛼𝛼𝑡𝑡 = 𝒏𝒏�
𝑠𝑠 , 𝒕𝒕𝑡𝑡 .

If at least one linearity coefficient is bigger than 0.5 (as in Figure 3b), the traffic sign is considered to be held
on a pole and the segment that corresponds to the biggest 𝑎𝑎1𝐷𝐷 is used for computing the pole vector 𝒗𝒗𝑝𝑝 as the
eigenvector corresponding to the biggest eigenvalue after applying PCA on the points of the segment. Finally,
the four previous parameters are computed together with:
5) Inclination of the pole in a front view of the sign (𝛼𝛼𝑣𝑣 ): It is defined as the angle between 𝒗𝒗𝑝𝑝 and the
vertical 𝒗𝒗𝑧𝑧 , both projected in the plane defined by the traffic sign panel.

6) Inclination of the pole in a profile view of the sign (𝛼𝛼𝑒𝑒 ): It is defined as the angle between 𝒗𝒗𝑧𝑧 and the
normal of the traffic sign 𝒏𝒏𝑠𝑠 .

All these parameters are gathered together, giving spatial and geometric information of each traffic sign that
can be used, for instance, as input for a Geographic Information System (GIS) layer.

Figure 3. (a) Reconstruction of traffic signs from an auxiliary cloud (𝐶𝐶𝑎𝑎𝑖𝑖 ). Green points (𝐶𝐶𝑖𝑖 ) together with blue points form the reconstructed
cloud (𝐶𝐶𝑟𝑟𝑖𝑖 ). Red points are removed after the reconstruction process. Segments 𝑆𝑆1 … 𝑆𝑆𝑛𝑛 are extracted in order to check if the panel is held
on a pole. (b) For each segment 𝑆𝑆𝑗𝑗 (highlighted in blue) the linearity coefficient is evaluated. If at least one linearity coefficient is bigger
than 0.5, the segment that corresponds to the biggest 𝑎𝑎1𝐷𝐷 is used to compute the pole director vector.

Figure 4. Illustration of the computed geometric parameters. (a) Front view of a traffic sign. (b) Side view of a traffic sign. (c) View of
the trajectory together with the traffic sign.

2.3. Traffic sign projection onto 2D images.
The geometric inventory provides essential information for the definition of the traffic sign network.
However, the spatial resolution of a point cloud is not enough to recognize the specific meaning of each traffic
sign. The best source of information that the MMS provides for the recognition task are four RGB cameras,
whose internal calibration and external orientation parameters with respect to the vehicle are known (Puente et
al., 2013). Furthermore, the metadata of each photo includes the trajectory – position and orientation – of the

vehicle and a time stamp synced with the point cloud. A time stamp is extracted from each detected sign as the
average time stamp of the points in the cluster that defines the sign panel, 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (𝐶𝐶𝑖𝑖 ) = 𝒕𝒕�𝑠𝑠 . Only the images with
a time stamp of 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (𝐶𝐶𝑖𝑖 ) ± 5𝑠𝑠 are analysed for each traffic sign (Figure 5a).
Let A be the global coordinate system, B the GPS coordinate system (a North-East-Down coordinate system),
C the vehicle coordinate system and 𝐷𝐷𝑗𝑗 , (𝑗𝑗 = 1 … 4) the coordinate systems of the four cameras. For each vehicle
𝐴𝐴
position to be analysed, the points of a traffic sign panel in homogeneous coordinates 𝐶𝐶𝑖𝑖ℎ
are transformed from
the system A to the system C, so both the inner orientation of the camera and the points to be reprojected are in
the same coordinate system:

𝐶𝐶
𝐴𝐴
𝐶𝐶𝑖𝑖ℎ
= (𝑇𝑇𝑎𝑎𝑎𝑎 𝑇𝑇𝑏𝑏𝑏𝑏 )−1 𝐶𝐶𝑖𝑖ℎ

(4)

Where 𝑇𝑇𝑎𝑎𝑎𝑎 and 𝑇𝑇𝑏𝑏𝑏𝑏 are the transformation matrix between systems A-B and B-C respectively.

Given the position of the optical centre with respect to the vehicle (𝑥𝑥𝑗𝑗 , 𝑦𝑦𝑗𝑗 , 𝑧𝑧𝑗𝑗 ), together with the unit vector
of the principal axis, 𝒗𝒗𝑗𝑗 , and the focal distance of each camera 𝑓𝑓𝑗𝑗 , both the plane 𝜋𝜋𝑗𝑗 that contains the camera
sensor and the principal point 𝑝𝑝𝑗𝑗 of each camera can be defined:
𝜋𝜋𝑗𝑗 ≡ 𝒗𝒗𝑗𝑗 · [(𝑥𝑥, 𝑦𝑦, 𝑧𝑧) − (𝑥𝑥𝑗𝑗 , 𝑦𝑦𝑗𝑗 , 𝑧𝑧𝑗𝑗 )] = 0
𝑇𝑇

𝑝𝑝𝑗𝑗 = −𝑓𝑓𝑗𝑗 �𝑥𝑥𝑗𝑗 , 𝑦𝑦𝑗𝑗 , 𝑧𝑧𝑗𝑗 � 𝒗𝒗𝑗𝑗

(5)

𝐶𝐶
is projected to 𝜋𝜋𝑗𝑗 as shown in Figure 5b. The coordinates of the projection
Each point in the cloud 𝐶𝐶𝑖𝑖ℎ
(𝑑𝑑𝑢𝑢 , 𝑑𝑑𝑣𝑣 ) are already in the camera frame (𝒖𝒖, 𝒗𝒗), and they can be transformed to pixel coordinates �𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝 , 𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝 �
(Figure 5c). First, lens distortion is corrected using the distortion model described in Equation 6. Radial
distortion parameters 𝑘𝑘1 and 𝑘𝑘2 are known beforehand, and tangential distortion is considered to be negligible.

𝑑𝑑𝑢𝑢′ = 𝑑𝑑𝑢𝑢 (𝑘𝑘1 𝑟𝑟 2 + 𝑘𝑘2 𝑟𝑟 4 )
𝑑𝑑𝑣𝑣′ = 𝑑𝑑𝑣𝑣 (𝑘𝑘2 𝑟𝑟 2 + 𝑘𝑘2 𝑟𝑟 4 )

(6)

Where (𝑑𝑑𝑢𝑢 , 𝑑𝑑𝑣𝑣 ) is the undistorted image point, (𝑑𝑑𝑢𝑢′ , 𝑑𝑑𝑣𝑣 ′) is the distorted image point, and 𝑟𝑟 is the distance
between (𝑑𝑑𝑢𝑢 , 𝑑𝑑𝑣𝑣 ) and the principal point 𝑝𝑝𝑗𝑗 .

Finally, the pixel coordinates are retrieved, given the pixel size (𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝 ) and the image coordinates of the
principal point (𝑐𝑐𝑥𝑥 , 𝑐𝑐𝑦𝑦 ) obtained from the calibration, following Equation 7:

𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝 =
𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝 =

𝑑𝑑𝑢𝑢′ + 𝑐𝑐𝑥𝑥
𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝
𝑑𝑑𝑣𝑣′

(7)

+ 𝑐𝑐𝑦𝑦

𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝

Once an entire cluster is projected into an image, the bounding box of the projected points is computed, and
the original image is cropped with a margin of 25% of the bounding box size, to deal with calibration errors and
add some background to the detection (Figure 5d).
This way, several images of the same sign can be obtained, and the recognition process can be carried out
using RGB images with the following advantages with respect to approaches that only use images (Soheilian et
al. 2013, De Souza et al. 2013): 1) The detection problem is almost solved, as the location of the traffic signs is
known beforehand. 2) Images of the same traffic sign can be stored and analysed together, hence a single
classification result is expected for each set of input images (Figure 6). 3) There is a very low probability of
finding false positives.

Figure 5. Traffic sign projection onto 2D images. (a) The coordinate system of the vehicle is drawn for four instants whose time stamps
𝐶𝐶
is projected on a plane 𝜋𝜋𝑗𝑗 that
are close to the average time stamp of the traffic sign 3D points. (b) Each point of the 3D point cloud 𝐶𝐶𝑖𝑖ℎ
contains the camera sensor. (c) The coordinates �𝑑𝑑𝑢𝑢 , 𝑑𝑑𝑣𝑣 � obtained after the projection are transformed to pixel coordinates. (d) The
bounding box of all the computed pixel coordinates is extracted from the input image.

2.4. Traffic sign recognition
The last step of the proposed method consists of defining the meaning of each detected traffic sign given one
or several images of the same sign. Although Traffic Sign Recognition (TSR) is not the main objective of this
paper, and a vast literature in this regard has been published – see Section 1 –, a general pipeline is proposed.

The TSR workflow is shown in Figure 6. First, seven superclasses are defined in a first level of hierarchy;
prohibition, danger, give way, no entry, stop, indication and obligation. Information signs are not considered
for this TSR. With this first classification, the color and shape combinations of each superclass is easily
distinguished from the others. For each input image, two color bitmaps (red and blue) are computed. The image
is transformed from Red-Green-Blue (RGB) colorspace to Hue-Luminance-Saturation (HLS). Each color
bitmap is a binary image result of the classification of each pixel in the image. A regularized logistic regression

was trained for this classification using over 200 thousand red and blue pixel values. This way, color can be
correctly detected in a variety of illumination conditions. Subsequently, the shape is defined and classified for
each color bitmap using Histogram of Oriented Gradients (HOG) (Dalal and Triggs, 2004) and Support Vector

Machines (SVM). Several HOG parameters were tested and the best results were obtained with Cell Size = 8,
Block Size = 2, bins = 9, signed, a 576-element feature classified by a linear SVM. Over 1500 images were
used for training and cross validating the models.
Finally, each traffic sign is classified within its superclass. Some superclasses already define a specific sign
– give way, no entry and stop -, while others contain a different number of classes. Each image to be classified
is resized to 40x40px and HOG features are computed again with Cell Size = 5, Block Size = 2, bins = 8. In
order to maximize the color information extracted by HOG algorithm, the features of each color channel are
concatenated. Creusen et al. (2010) state that CIELab and YCbCr color spaces provide the best performance for
TSR. The results in section 4 have been obtained using CIELab color space. As in the first hierarchy level,
linear SVM are used for training the traffic sign models. They are trained in the usual manner, where the
negative set is made up from random background samples and a set of samples of other classes within the
current superclass.
The traffic sign class information will be integrated together with the geometric parameters, obtaining a
spatial and semantic definition of each traffic sign. This information can be applied to an Intelligent
Transportation System (ITS), or used for improving the road network information (parking zones, direction of
traffic, speed limit, etc.).

Figure 6. Traffic sign recognition workflow. One or several images of the same sign are obtained for each detected traffic sign on the 3D
point cloud. Each image is hierarchically classified in order to obtain the meaning of the traffic sign.

Figure 7. (a) Mobile Mapping System (MMS) equipped with sensors such as laser scanners and JAI cameras. (b) Trajectories for the
study case. Rande Bridge and surroundings (road environment, left), and Lugo city centre (urban environment, right).

3. Case study
All the information – point clouds and images - in this work were collected using the LYNX Mobile Mapper
by Optech. Inc., (2012), Figure 7a.The system has two sensor heads with a field of view (FOV) of 360º, placed
with an angle of 90º between their rotational axes and 45º with respect to the trajectory. The imagery data is
registered by four 5-MPix JAI cameras timestamped with GPS time, and integrated with the Lynx Survey
software. The navigation system integrates an Inertial Measurement Unit (IMU) with a two-antenna heading
measurement system (GAMS). An extensive accuracy study of this system can be found in Puente et al. (2013).
The point clouds used for the validation of the method comprised an urban area and a motorway. Challenging
scenarios have been chosen for both cases. The urban area is located in the city of Lugo, in northwest Spain.
The area of analysis is a 2.5km three-lane street that encircles a roman wall in the city center (Figure 7b). The
average speed of the vehicle is around 20km/h. The road area extends along 7.5km of the AP9 motorway and
N-552, N-554 roads, crossing Rande Bridge between the cities of Vigo and Pontevedra, Figure 7b, and it was
surveyed at an average speed of 80km/h. The traffic flow is dense in both areas, and the scenes in the collected
images are cluttered in the case of the city, and under strong backlights in the case of the motorway.
To avoid excessively large point clouds, the survey was conducted using consecutive strips. They were
inspected manually, and the traffic signs were annotated for further validation of the algorithms. Note that
bollards, guide posts, or angular milestones are not considered in this study. The information of both study areas
is summarized in Table 1.

Table 1. Case study data.
Area

Strips

Points

Traffic Signs

Lugo (Urban)

5

129553905

65

Rande (Road)

3

145759301

78

4. Results and discussion
The described methodology was tested in the road and city scenarios presented in Section 3. The algorithms
were implemented using MATLAB software, and the validation was performed in an Intel Core i7-4771 CPU
at 3.5GHz. The same parameters were used for urban and road scenarios, although there are differences between
both environments. Namely, point clouds of urban environments have higher density of points due to speed
limitations, and the probability of false detections is higher as there are more reflective objects – license plates,
metallic parts, pedestrian clothing, etc.

4.1. Traffic sign detection

Tables 2 and 3 show the results for traffic sign detection. Each point cloud strip was analyzed and the clusters
of points (𝐶𝐶𝑖𝑖 in Section 2.2) obtained were matched against a ground truth that contains the number and the
position of the traffic signs in each strip. The total number of detections, the number of true positives, false
positives and false negatives can be computed and are shown in Table 2. Precision, recall, and F1 score
performance metrics are shown in Table 3. The global performance averages the results for urban and road
environments. A comparison is made between the performance of the proposed method and the results obtained
with Riveiro et al. (2015) method.
Table 2. Traffic sign detection results.
Area
Lugo
(Urban)

Rande
(Road)

Strip

Number of Signs

Number of Detections

True Positives

False Positives

False Negatives

1

4

6

4

2

0

2

8

7

7

0

1

3

16

15

15

0

1

4

10

15

10

5

0

5

27

27

26

3

1

Total

65

70

62

10

3

1

23

26

23

3

0

2

46

49

46

3

0

3

9

9

9

0

0

Total

78

84

78

6

0

Table 3. Precision, Recall and F1 score for traffic sign detection.
Area

Precision (%)

Recall (%)

F1 score (%)

Lugo (Urban)

86.1%

95.4%

90.5%

Rande (Road)

92.8%

100%

96.3%

Global performance

89.7%

97.9%

93.4%

Global performace
(Riveiro et al., 2015)

91.3%

90.9%

91.1%

A global precision value of 89.7% and a global recall value of 97.9% are obtained for the validation of the
algorithm. Although the proposed algorithm applies several filters, which aim to remove false positives, there
are still falsely detected objects. A visual analysis of these false positives shows that planar metallic surfaces
and some pedestrian reflective clothing are the main sources of error. The results for the urban environment are
slightly worse than for the road environment, due to the larger number of reflective objects in the city streets.
However, the global recall value is very promising, as only three traffic signs are lost for the whole study case.
The main cause of false negatives lies in the filtering stage. Traffic signs placed directly over the ground, or
whose reflectivity properties are partially lost due to material deterioration may be erroneously filtered out by
the algorithm. This latter cause of false negatives can be meaningful in a road inspection context, as the absence
of a traffic sign may indicate maintenance needs. As for the false positives, the recognition stage should be
robust enough to discard the images that correspond to erroneous detections in the point cloud. Examples of
false negatives and false positives can be seen in Figure 8. Furthermore, the results show the improvement of
this method with respect to the previous work, in terms of global performance.

4.2. Traffic sign recognition

The projection of the detected traffic signs from the 3D point cloud on the RGB images precedes the proper
recognition stage. As introduced in Section 2.3, different projections of the same sign can be obtained from
different images as the MMS drives through. The four cameras are programmed to take one picture every two
seconds. Therefore, the number of available images for the analysis of a single traffic sign will be modified by
two parameters: the speed of the vehicle, and the relative orientation between the camera and the traffic sign
front panel. The output of the projection stage will contain images not only with the front panel but also with
the reverse of the traffic signs.
For the performance analysis, only the traffic signs that belong to one of the seven superclasses defined in
Figure 6b are considered as positives. Direction and information signs, images resulting from false positives in
the previous stage, and images of the reverse side of the signs will be considered as negatives.
The result of the superclass classification is summarized in Table 4. Two performance measurements are
computed. First, the number of traffic signs correctly classified (𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡 ) is defined as the number of image sets
that have at least one image with a true positive, and no false positives. 𝐹𝐹𝑃𝑃𝑡𝑡𝑡𝑡 is defined as the number of image
sets with at least one false positive. They represent the overall performance, as the final output is the class of
the sign, independently of the number of correct detections. Finally, 𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 is simply defined as the number of
images correctly classified, and 𝐹𝐹𝑃𝑃𝑖𝑖𝑖𝑖 is the total number of false positives.

Figure 8. Example of false negatives and false positives. (a)-(b). False negative: A traffic sign that is placed directly over the ground is
not detected by the algorithm. (c)-(d). False positive: A metallic part is falsely detected as a traffic sign.

Table 4. Traffic sign superclass recognition results.
Lugo (Urban)

Rande (Road)

Total number of images

301

544

Number of traffic signs

43

60

𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡

39

47

2

4

Precision

95.1%

93.8%

Recall

90.7%

78.3%

Number of positive images

86

191

𝑇𝑇𝑃𝑃𝑖𝑖𝑖𝑖

70

157

2

9

Precision

97.2%

94.57%

Recall

81.4%

82.19%

𝐹𝐹𝑃𝑃𝑡𝑡𝑡𝑡

𝐹𝐹𝑃𝑃𝑖𝑖𝑖𝑖

Two main conclusions can be inferred from these results. First, it is possible to deal with the false positives
obtained in the detection stage, as the corresponding images will not contain any traffic sign. This fact makes
the whole process very robust against false positives. Second, the proposed method for superclass classification
should be modified to improve the recall value, replicating algorithms with better performances in the literature
(Wang et al., 2013a) or improving the feature selection and training method for our method.
The last step involves the classification of each traffic sign within its superclass. Only the two more populated
class-specific SVM models were trained, for pedestrian crossing and no parking signs. Further training could
not be performed because the number of samples for a larger number of classes was not enough to train reliable
models (more discussion about this fact in Section 5). Results in Table 5 are, therefore, merely illustrative as
the TSR was not the main objective of this work.

Table 5. Traffic sign class recognition results for two classes: Pedestrian
crossing and no parking.

Samples
TP
FP

9
9
1

38
27
1

5. Conclusions and future work
In this paper a method for an automated detection, inventory and classification of vertical traffic signs from
point clouds and images collected by a Mobile Mapping System was presented. The reflective properties of the
traffic signs are essential as the method relies on the intensity attribute of the point cloud. A rasterization process
is used for the segmentation of the ground and filtering the cloud in a coarse manner. A Gaussian Mixture Model
is computed together with DBSCAN and a dimensionality analysis to further segment and cluster the points
belonging to the same traffic sign. After this processing, different geometric parameters are computed for each
detected traffic sign, namely centroid, height, distance to the trajectory and inclination angles with respect to
the vertical.
This represents a novel, robust algorithm for traffic sign detection in point clouds, obtaining a global recall
score of almost 98%. The semantics of each sign can be also retrieved. With that purpose, the points that belong
to traffic signs are reprojected on RGB images taken by the four cameras of the MMS, and they are
hierarchically classified into specific traffic sign classes. However, the number of instances of each class (i.e.
the number of images of the same traffic sign) was not enough to train reliable models, and the results obtained
were discouraging. While our database is composed of approximately 1500 images with around a 50-100 classes
of signs, the best performance results in TSR were obtained with much more populated datasets. The already
mentioned German Traffic Sign Recognition Benchmark has more than 50,000 images of 43 classes, the
BeligumTS dataset has over 15,000 images, the Summer Swedish Traffic Sign dataset contains over 20,000
images, and Hazelhoff et al. (2012) use over 55,000 images on their classification methodology from panoramic
images. However, there are small differences between traffic signs in each country, and there is not a sufficiently
large database of Spanish traffic signs images publicly available. The development or the publication of a traffic
sign benchmark similar to other countries could represent an improvement on our TSR approach.
The novelty of this method can be summarized in three thematic blocks. Firstly, the point cloud processing
workflow has been improved with respect to previous work (Riveiro et al., 2015), adding trajectory-dependent
preprocessing steps, a height-based filter which segments the ground (as future work, the ground segment may
be processed in order to detect road markings), and a different application of the GMM for fine segmentation
of the point cloud. Secondly, the computation of the aforementioned geometric parameters, which may enrich
a semiautomatic inventory process, and finally the combination of LiDAR data and RGB imagery in order to
boost the potential of a MMS for semantic endowing tasks.
Future studies should focus on adapting our method depending on the environment, as the results on the
urban scenario of the case study were slightly worse than on the road environment. Moreover, future research
should add more complex semantic descriptions of road networks, using geometric and contextual features and
therefore not depending on the reflectivity in order to detect objects such as traffic sign poles. Furthermore, the

performance of our TSR approach was clearly insufficient; besides the lack of a consistent database, any of the
state-of-the-art methods should be replicated to get a fully robust algorithm. Finally, the research should move
forward with integration in road network spatial information databases.
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