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Abstract— In this paper, a conceptual solution and
preliminary results regarding the integrated multi-sensory
on-board obstacle detection (OD) system are presented. The
presented system is under development within the project
“SMART-SMart Automation of Rail Transport”, which is
funded under the H2020-Shift2Rail funding scheme. The
system combines different vision technologies (thermal
camera, night vision sensor, multi stereo-vision system) with
laser scanner in order to create a sensor fusion system for
mid (up to 200 m) and long range (up to 1000 m) obstacle
detection, which is independent of light and weather
conditions. In this paper, preliminary results of the sensor
fusion of two system modules, multi-baseline stereo system
and laser scanner are given.
Keywords— Sensor fusion, Stereo vision, Range sensors,
Autonomous obstacle detection

I. INTRODUCTION
The main goal of the project “SMART- SMart
Automation of Rail Transport” is to increase the
effectiveness and capacity of rail freight through the
contribution to automation of railway cargo haul at
European railways. According to the Shift2Rail MultiAnnual Action Plan-MAAP [1], one key challenge, which
has so far hindered automation of rail freight systems, is
the lack of a safe and reliable on-board obstacle detection
system for freight trains within existing infrastructure.
Project SMART will contribute to tackling this challenge,
and so it will contribute to the long-term vision for an
autonomous rail freight system, by the development,
implementation and evaluation of a prototype integrated
on-board multi-sensor system for reliable detection of
potential obstacles on rail tracks.
The presented solution for autonomous obstacledetection on rail tracks ahead of a train, which
incorporates multiple sensors, is not a new solution.
Different combination of sensors, such as stereo vision,
mono cameras, radar and laser, were already used in
related work, e. g. [2]. However, the combinations of
sensors used to date achieved relatively short range
obstacle detection, that is, up to 100 m. Also, these
combinations were mostly used for day vision.
Noticeable little work has been published on night vision
for obstacle detection, e. g. in [3] a night-vision device

including a thermal camera was presented. The SMART
project will advance state-of-the-art by developing a
prototype OD system which will integrate a night vision
sensor (a camera augmented with image intensifier) with
a thermal camera, multi stereo-vision system and a laser
scanner. The SMART OD system will therefore be a
novel fully integrated multi-sensor on-board system for
mid (up to 200 m) and long range (up to 1000 m) obstacle
detection, which can operate in day and night conditions
as well as in poor visibility conditions.
The SMART project is a collaborative project
employing distributed development, so different sensor
modules are being developed by different geographically
distributed partners. This paper reflects the status of the
OD system’s development during the first project year. In
particular, this paper presents preliminary results
achieved in experiments conducted with individual sensor
modules, stereo vision and a laser scanner, developed by
SMART partner University of Bremen.
II. SMART OBSTACLE DETECTION SYSTEM
The SMART solution for autonomous obstacle
detection (OD) will provide prototype hardware and
software algorithms for OD. As illustrated in Fig. 1, the
system will combine different vision technologies:
thermal camera, night vision sensor, multi stereo-vision
system (cameras C1, C2 and C3) and laser scanner.

Fig. 1 Concept of the SMART multi-sensor OD system (top) Front view
of the sensors mounted on a locomotive and the attached world
coordinate system as needed for sensors calibration; (bottom) Side view
of the range sensors and an obstacle detection scene

This paper is selected from IV International Conference MECHANICAL ENGINEERING IN XXI CENTURY, Niš, April 19-20, 2018.

1

The main idea behind the multi-sensory system is to
fuse the sensor data as sensors individually are not yet
powerful enough to deal with complex obstacle detection
tasks in all the SMART defined application scenarios,
which include day and night operation and operation in
poor visibility condition. Because of this, the
development of an adequate data fusion system, which
effectively combines data streams from multiple sensors,
is required.
The data fusion approach will be designed based on
sensor data availability. Namely, independently of the
illumination condition, sensor data from the thermal
camera and laser scanner will be always available. In
contrast to that, the stereo camera system fails to generate
data under poor illumination conditions, and the night
vision camera can not operate during the day After
obtaining fused data, based on the individual advantages
of each sensor, the resulting data stream will be used for
detection of obstacles on the rail tracks and for
calculation of the distances from the locomotive to
detected obstacles
III. STEREO VISION-BASED OBJECT DISTANCE
CALCULATION

In this paper, the results of the preliminary tests with
the multi-stereo vision system and laser scanner
performed in November 2017 in Serbia on the location of
the straight rail tracks in the length of approximately
1300 m are presented. In order to meet the main
requirement to develop a sensory system for reliable mid
(up to 200 m) and long range (up to 1000 m) obstacle
detection ahead of the locomotive, a multi-baseline
camera system has been developed. Three selected mono
cameras from the imaging source (TIS) [4] (C1, C2 and
C3 in Fig. 2) form two pairs of stereo cameras, C1 and
C2 with shorter baseline and C1 and C3 with longer
baseline.

Fig. 2 Multi base line camera system

Three mono cameras (C1, C2 and C3) and a laser
scanner were mounted on a test-stand facing the straight
rail tracks. The laser scanner was placed between cameras
C2 and C3 at the same elevation as the cameras to allow
one of the requirements of the final prototype to be
fulfilled, namely that all sensors should be located in a
housing that could be easily mounted and demounted
from the test locomotive (test-vehicle). This requirement,
however, influences the field of view of the laser scanner
(LD_MRS_3D_LiDAR). During the performed field tests,
the members of the SMART team imitated potential
obstacles on the rail tracks located on different distances
from the SMART test-stand.

A. 2D image processing for detection of possible
obstacles on the rail tracks
In order to calculate so-called disparity for the
purpose of distance calculations [5], the SMART stereo
camera pairs were firstly calibrated and the calibration
parameters, rotation and translation between two cameras,
were used for stereo rectification. Stereo rectification is
the process of transforming a pair of images obtained
from a converging stereo camera, which results in images
with the content as they were captured by a pair of
cameras with perfectly parallel optical axes and equal
focal lengths [5]. Each rectified image of a stereo pair is
then processed through the sequence of two-dimensional
(2D) image processing steps to achieve the following:
1) Rail tracks detection
2) Detection of the Region of Interest (ROI), which
contains an object, potential obstacle, on the rail
track
3) Segmentation of the object’s ROI for the purpose
of object detection.
1) Rail tracks detection: Bearing in mind the nature of
the rail tracks ahead of the locomotive, in the image of
the camera mounted on the front profile of the locomotive
they appear as two distinctive lines in the camera view as
illustrated by the original (gray-level) image of the
SMART camera C1 (Fig. 3).

Fig. 3 Rectified original (grey-level) image of the SMART camera
C1 of the scene including rail tracks

As the rail tracks, particularly in the bottom part of
the image, appear as vertical lines, the strong image
gradient in horizontal direction is expected on the edges
of the rail tracks. Because of this, the original rectified
(grey-level) image is firstly convolved with a filter mask,
which approximates the image gradient in horizontal, u,
direction:
Gu 

 f (u , v )
u

(1)

where f(u, v) is 2D original rectified (grey-level) image.
The result of this processing operation, applied to the
image in Fig. 3, after the removing of the weak gradient
values in order to keep only the gradient values above the
certain threshold is shown in Fig. 4. For the sake of
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visualisation, the thresholded gradient values are overlaid
on the original rectified (grey-level) image and they are
represented with different colors,

Fig. 5 Rectified original (grey-level) image of the SMART camera
C1 overlaid with the segmented regions resulted from the region
growing; two largest regions represent rail tracks
Fig. 4 Rectified original (grey-level) image of the SMART camera
C1 overlaid with both the thresholded image gradient in horizontal
direction and the specified region of interest (narrow yellow rectangular
in the bottom of the image passing through the rail tracks)

Although the rail tracks were segmented as the lines
of the clear strong edges in the previous processing step,
gradient-based edge segmentation, it was necessary to
detect them. Namely, it was necessary to “give a sense to
the gradient-based edge segmentation” and to detect
which of the segmented edges belong to the rail tracks.
For this purpose, in the next processing step, the rail
tracks connected components were to be found. A
rectangular region of interest, which occupies several
image rows approximately in the middle part of the
bottom of the image (where the rail tracks are certainly
expected), was defined as illustrated in Fig. 4. All the
regions of connected pixels with the thresholded gradient
values within this specified region of interest (all the
colored regions within the yellow rectangular in Fig. 4)
were considered as the seed points for the subsequent
region-growing operation. Starting from the detected seed
points, a region growing operator was applied so that the
pixels with the thresholded gradient values were added to
the previously defined region if connected to the pixels of
that region. The result of region growing processing step
is shown in Fig. 5, where grown regions are illustrated
with different colors. As it can be seen, among the grown
regions, two largest regions of rectangular shapes
represent detected rail tracks. The region growing
algorithm, however, stops on the breaks in detected rail
tracks as it was the case of considered example where,
due to a wooden bar placed across the rail tracks, there
was a break in segmented rail tracks. Therefore, the final
result of the rail tracks detection was as shown in Fig. 6.

Fig. 6 Rectified original (grey-level) image of the SMART camera
C1 overlaid with the detected rail tracks

2) Detection of the ROI which contains an object: As
it could be seen above, the breaks in the rail tracks
detection may be consequences of possible obstacles on
the rail tracks. Because of this, it is necessary to
investigate the cause of the break. For this purpose, in the
algorithm presented here, a ROI is defined around the
break in detected rail tracks assuming that such ROI
contains the image region of possible obstacle on the rail
track (red rectangular in Fig. 7). After the ROI definition,
the ROI is segmented so that an object (foreground) is
segmented from the ROI background. The result of these
processing steps is illustrated in Fig. 7.
Fig. 7 illustrates the result of object detection within
the ROI defined around a break in rail tracks detection in
the scene of rail tracks with several objects (humans as
well as aluminum board) placed on the rail tracks on the
certain distances from the cameras (50 m and 100 m
respectively). In the presented results, ROI was
determined heuristically so to bound the break in the
detected rail track as well as to bound the surrounding
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image region assumingly large enough to contain
potential obstacle of approx. 2 m real height.

Fig. 7 Rectified original (color) image of the SMART camera C2
overlaid with the detected one-pixel thick rail tracks, with the ROI (red
bounding box) and with the segmented foreground of ROI (yellow
region)

3) Segmentation of the ROI – object detection: It is
assumed that an object, potential obstacle on the rail track
is in the centre of defined ROI. Starting from that
assumption, the defined ROI is further segmented using
the so-called Grabcut algorithm.
The Grabcut algorithm [6] addresses the challenge of
separating object from the background in a colored image,
given certain constraints. The starting point is a single
rectangle marked around the object, where the outer part
of the rectangle is defined as definite background, and the
inner part of it as an unknown combination of the object
(foreground) and some background. These constraints are
used as initial solution to the problem, leading to an
iterative method which in conclusion aims to assign each
pixel in the image its label - background or foreground.
The constraint that the object is completely inside the
defined rectangle leads to assumption that the foreground
is more likely to be in the centre of the rectangle not
touching the rectangle boundaries.
This information is given to the method with the help
of a user defined mask representing the function input.
The algorithm performs an initial labelling using the
input data and divides the pixels inside search region into
two groups of foreground and background. Then a
Gaussian Mixture Model (GMM) models foreground and
background. During this process, GMM learns and
redefines labelling with adding “possible foreground” and
“possible background” to the pixels. For this, GMM uses
clustering on color intensities of the pixels and tries to put
similar pixels in the same cluster.
Using the pixel distribution proposed by GMM, a
weighted graph is built in which, pixels are nodes.
Foreground pixels are connected to “source node” and
background pixels are connected to “sink node”. The
crucial part of this graph is the weight of connection
between each node (pixel) with source node or with sink
node. This weight can be influenced by pixel similarity or
with strong edges between pixels (when two pixel values

are largely different). Large difference leads to lower
weight value.
The last part of segmentation is applying a mincut
algorithm to segment this graph into two segments of
foreground and background, based on the weights of
connection between nodes (pixels) and “source node” and
“sink node” so that the cost function is minimized. This
cost function is the sum of the weights of the connections
that are cut in order to form the segments. After cutting
some weights between nodes, there will be two graphs:
one representing foreground and one representing
background.
In the presented SMART application, starting from
defined ROI (red rectangular in Fig. 7), a user mask is
defined as covering the middle part of the ROI following
the assumption that the center of ROI is covered by the
object. The application of Grabcut algorithm, starting
from defined user mask, leads to the foreground
segmentation, as illustrated in Fig. 7.
The same procedure of definition of ROI, which
bounds the break in the detected rail track, and the
segmentation of the ROI using the Grabcut algorithm is
repeated for the detected right rail track. The result of this
procedure is given in Fig. 8.

Fig. 8 Rectified original (color) image of the SMART camera C2
overlaid with the detected thick rail tracks and with the ROI (red
bounding box) and the segmented foreground of ROI (yellow region)

It is assumed that the segmented foregrounds in the
ROIs on the left and the right rail track are potential
obstacles. In order to calculate the distances of these
obstacles from the cameras, each of the stereo camera’s
images are processed in the same way and corresponding
obstacle points in stereo images (the corresponding
middle points of the segmented foregrounds in ROIs of
stereo images) are used in so-called stereo triangulation:

x
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where f is the focal length of the left camera of a stereo
cameras pair, b is the base line of the stereo camera
system, c(ucL, vcL) is the principal point of the left camera,
and d is the disparity:

d u L  u R

(3)

4

where uL and uR are horizontal, u, coordinates of the
corresponding points in the left and right stereo image
respectively. The z-coordinate in (2) represents the
distance to the stereo camera coordinate system.
For the purpose of 3D reconstruction of rail tracks,
the corresponding rail tracks’ points in stereo images are
also used in stereo triangulation according to (2). The
reconstructed 3D coordinates of the rail tracks as well as
3D coordinates of the obstacle points are merged with the
3D laser scanner points and the calculated distances are
compared as explained in the following.
4) Data fusion: The reconstructed 3D coordinates of
the points of detected rail tracks as well as the
reconstructed 3D coordinates of the detected obstacles,
calculated with respect to the coordinate system of the
camera C1 in both stereo camera pairs (C1-C2 and C1C3), were plotted together with the 3D points extracted
from the laser scanner data, as shown in Fig. 9 and Fig.
10 respectively

Figures 9 and 10 were obtained using the Rviz ROS
Visualization [5]. The objects, object A on the left rail
track and object B on the right rail track, and the rail
tracks reconstructed using vision sensors are shown in
violet and green colours respectively. The 3D laser data
points are shown in red, orange, yellow and bright green
colors, where different colors correspond to different
distances. After merging the 3D points reconstructed by
both type of sensors, vision and laser, the laser data
points, which were in the direction of the rail tracks as
closest to the breaks in detected (and reconstructed) rail
tracks, were considered as points belonging to significant
objects as represented with the red boxes in Figures 9 and
10. The distances of the objects measured by the laser
scanner with respect to world coordinate system (left
camera) were, as expected, comparable with the
measured real distances of the objects (ground truth) as
given in Table I.

Objects reconstructed
from laser scanner

Object B

Object A

Rail track reconstructed
from vision
Objects reconstructed
from Vision

SMART Multi-Sensor
OD System

Fig. 9 Visualisation of 3D scene points as detected by laser scanner and 3D scene points as reconstructed from the stereo camera system C1-C2 (with
the shorter baseline)
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Fig. 10 Visualisation of 3D scene points as detected by laser scanner and 3D scene points as reconstructed from the stereo camera system C1-C3 (with
the longer baseline)

TABLE I THE DISTANCE BETWEEN THE OBJECT AND THE ON-BOARD SMART SENSORY SYSTEM AS MEASURED/CALCULATED BY LASER/VISION
SENSORS

Object Distance respect to train
Object

Ground truth

Laser Scanner

C1-C2 stereo camera
system

C1-C3 stereo camera
system

A

50 m

49.93 m

51.00 m

36.54 m

B

100 m

102.2 m

98.36 m

91.36 m

As it can be seen from Table I, the distances of the
objects with respect to the left camera as reconstructed
from both stereo cameras systems data differ from the
ground truth. The errors in vision-based distance
calculations are consequences of uncertainties in camera
calibration and in 2D images processing of rectified
images, in particular of uncertainty in finding the stereo
corresponding points. The error is larger for the stereo
camera system C1-C3 with longer baseline, as the
calibration error of the system with the longer baseline is
bigger than the calibration error for the system with
shorter base line. This is a known problem in computer
vision community [8]. However, in spite of these errors,
the presented results confirmed the necessity of merging
the data of different sensor technologies. Namely,
although laser scanners have the advantage of direct and
accurate measuring of distances to obstacles, vision gives
more detailed information about the surrounding
environment. In the given configuration of sensors, the
laser scanner possesses limitation due to narrow vertical
field of view and sparse point cloud due to low resolution,
which makes it difficult to detect the rail tracks from laser

scanner data. Because of this, the so-called region of
interest (ROI) including the rail tracks, defined by visionbased scene reconstruction, fused with the laser data
points enabled finding the important laser data points.
Nevertheless, one of the goals in further improvement of
the SMART multi-sensory obstacle detection system is
developing of a calibration method which will lead to
smaller calibration error of the stereo camera system with
the longer baseline. This will be particularly important for
the reconstruction of objects which are in the field of
view of the C1-C3 stereo cameras but they are not visible
by the C1-C2 stereo cameras.
IV. CONCLUSIONS
In this paper, a concept solution of a multi-sensory
on-board system for reliable detection of obstacles on the
rail tracks ahead of the locomotive, to be developed
within H2020 Shift2Rail SMART project, is presented.
Preliminary results of the experiments performed with
some of the individual sensors that will finally be
integrated into SMART prototype, stereo vision and a
laser scanner, are given. These results indicate necessity
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of using different, suitably chosen sensors so to utilise the
specific advantages of each particular sensor.
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