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1. Executive summary and report scope
The main goal of SMART project is to increase the effectiveness and capacity of rail freight through the
contribution to automation of railway cargo haul at European railways. Two SMART working streams are:
 Development of a prototype of an autonomous obstacle detection system (ODS),
 Development of a real-time marshalling yard management system.
The SMART solution for obstacle detection (OD) will provide prototype hardware and software algorithms
for obstacle detection on the rail tracks ahead of the locomotive. The system will combine different vision
technologies: thermal camera, night vision sensor (camera augmented with image intensifier), multi stereovision system and 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 during day and night operation, as well as during operation in poor
visibility condition. By this planned fusion of sensors, the system will be capable, beside reliable detection
of obstacles up to 1000 m, to provide shorter range (< 200 m) wagon recognition for shunting operations.
The SMART real-time marshalling yard management system will provide optimisation of available
resources and planning of marshalling operations in order to decrease overall transport time and costs
associated with cargo handling. The yard management system will provide real time data about resources
available over open and TAF/TSI standard data formats for connection to external network systems and
shared usage of marshalling yards between different service providers.
This deliverable document, (D3.1), reports the activities, effort and work undertaken in Work Package 3
(WP3- Development of software algorithms for obstacle detection on railway tracks) of the SMART
project, focused on the algorithms to be developed in Task 3.2 for processing of different types of 2D
images (thermal, night vision, 2D images of stereo cameras) for the purpose of object detection and
recognition. In particular, this document includes a report on both the algorithms for 2D processing of
stereo cameras’ and thermal camera’s images and the algorithms for 3D reconstruction, that is for the
calculation of the distance between the cameras and the potential obstacles on the rail tracks using the
results of 2D image processing.
The SMART project is a collaborative project employing distributed development, so different sensor
modules (hardware) and software for selected hardware components are being developed by different
geographically distributed partners. This deliverable D3.1 reflects the status of the OD system’s
development (software for the selected hardware components) during the period M2-M15. In particular,
this deliverable D3.1 presents preliminary results achieved in experiments conducted with individual
sensors, stereo vision fused with laser scanner and a thermal camera, on different test sites. At the time of
completing this deliverable, the integration of the night vision sensor into the OD system was still in its
final (optimisation) phase so that the algorithms for night vision camera processing were not developed to
the preliminary evaluation level. These algorithms will be developed by M30, which is contractual end
month of the Task T3.2-2D image processing. Also, in the period M16-M30, the algorithms for processing
of 2D images of stereo and thermal cameras will be improved and optimised so that the further versions of
the algorithms for 2D image processing of all vision modules of the SMART obstacle detection system
(ODS) will be presented in future deliverables: D3.2 Report on SMART data fusion and distance
calculations (Month 24) and D3.3 Report on real-time algorithm implementation and performance
evaluation (Month 30).
The introduction to multi-sensory on-board SMART obstacle detection system (ODS) and preliminary
results on fusion of data of two sensor modules, stereo vision and laser scanner, for the purpose of object
distance calculations are given in Chapter 2. The details of 2D image processing algorithms of stereo
cameras’ images for the purpose of object distance calculations are presented in Chapter 3. Chapter 4
presents the algorithm for processing of 2D thermal camera image as well as preliminary results on
homography-based distance estimation.
The following documents provide additional perspectives for the present work:
1. D1.1 Obstacle Detection System Requirements and Specification.
2. D2.1 Report on selected sensors for multi-sensory system for obstacle detection.
5
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2. Introduction
The SMART multi-sensor on-board obstacle detection system (ODS) will combine different vision
technologies, thermal camera, night vision sensor (camera augmented with image intensifier), multi stereovision system (cameras C1, C2 and C3), and 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.
During the project lifetime, the SMART integrated OD system will be tested in several evaluation scenarios.
One of the evaluation scenarios will be realised on the testing track of the Department for Rail Vehicles and
Transport Systems (IFS) of RWTH Aachen, one of the SMART partners, using the IFS Research Vehicle
(former CargoMover AGV). There will be also several possibilities to evaluate the developed OD prototype
on Serbian railways network using the vehicle, the electric locomotive ŽS series 444, owned by “Serbia
Cargo” (http://srbcargo.rs). The assuring of permissions for all the evaluation tests will be responsibility of
the University of Niš, one of the SMART partners. Different evaluation possibilities with listed test
vehicles, as well as characteristics of these vehicles, are detailed in Deliverable D1.1. The vehicle
characteristics such as dimensions, mass and mounting options, which influence the design of sensors’
housing that can be easily mounted on different vehicles, are detailed in D2.1. In deliverable D2.1, also,
possible locations for mounting of the SMART obstacle detection (OD) system on both test vehicles are
detailed. For the sake of the illustration, the frontal profile of the SMART test vehicle, Serbia Kargo ŽS
series 444, with the possible locations of the OD sensors housing is shown in Figure 1 (top). Figure 1
(bottom) illustrates CAD model of the sensors’ housing of the integrated multi-sensory ODS as well as
relative locations of different sensors inside the housing.

Figure 1 (top) Frontal profile of a SMART test vehicle, Serbia Kargo ŽS series 444, with the possible locations of the
ODS demonstrator (grey rectangular). (bottom) CAD model of the sensor housing of the integrated ODS demonstrator.
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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 layout of the architecture of the integrated SMART obstacle detection system is
shown in Figure 2.
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
(solid line in Figure 2). 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 (denoted with dashed
lines in Figure 2). 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.

Figure 2 Layout of the architecture of the SMART integrated multi-sensory system

The complete SMART multi-sensory OD system will be presented in D3.2-Report on SMART data fusion
and distance calculations (Month 24). In this deliverable D3.1, preliminary results of distance calculations
based on processing of individual sensor data, stereo cameras and thermal camera, captured in initial
experiments using the test stands with the sensors mounted in locations that resemble the intended relative
position of sensors in the integrated ODS demonstrator are given.

2.1. Preliminary results on sensor data fusion for distance calculation
As stated above, during the project lifetime, the SMART integrated OD system will be tested in several
evaluation scenarios. One of the evaluation scenarios will be realised on the testing track of the Department
for Rail Vehicles and Transport Systems (IFS) of RWTH Aachen, using the IFS Research Vehicle (former
CargoMover AGV) (Figure 3(a)).
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a

b

Figure 3 (a) IFS Research Vehicle used in SMART evaluation scenario; (b) Sensors mounted on the front rail of the
IFS Research Vehicle for the purpose of preliminary tests

In this deliverable D3.1, the results of the preliminary tests with the multi-stereo vision system and laser
scanner performed in August 2017 on the testing track of the Department for Rail Vehicles and Transport
Systems (IFS) of RWTH Aachen are presented [1]. 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) [2] (C1, C2 and C3 in Figure4) form two pairs of stereo cameras, C1 and C2 with
shorter baseline and C1 and C3 with longer baseline

Figure 4 Multi base line camera system

Three mono cameras (C1, C2 and C3) and a laser scanner were mounted on the front rail of the IFS
Research Vehicle as shown in Figure 3(b). The preliminary tests presented in this deliverable concern initial
determination of appropriate lengths of baselines to be used in the final system prototype. The preliminary
results of stereo-vision based 3D reconstruction were obtained in experiments where the shorter baseline
was 0.4 m and the longer baseline was 1.05 m. As shown in Figure 3(b), a laser scanner was placed
between cameras C2 and C3. The laser range finder was placed 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 influences the field of view of the laser scanner (LD_MRS_3D_LiDAR [3]). In order to fuse
data from all the sensors used in the presented preliminary experiments, at first the monocular and stereo
calibration of the cameras was done using the “chessboard” pattern, as it is usual in the stereo-vision
community [4], as shown in the photo in Figure 5(a). The performed calibration assumes also the rectifying
and undistorting of images, which results in the images as cameras would be fully parallel. The calibration
of the laser sensor with respect to the left camera (C1) was done using the known geometry of the sensor
configuration, i.e. known distance between the laser and the left camera, as it was considered that the world
coordinate system was aligned with the coordinate system of this camera. The rectified image of the left
camera (C1) is given in Figure 5(b). As it can be seen, the scene in front of the sensors to be reconstructed
was the scene of the rail tracks with an object (a suitcase) placed onto the rail track to imitate a possible
obstacle in front of the test vehicle. The test vehicle was static when the sensor data was recorded.
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a

b

c
Figure 5 (a) Calibration of the multi-sensory system mounted on the front rail of the IFS Research Vehicle; (b) Image
of the left camera of the scene in front of the IFS Research Vehicle; (c) Visualisation of 3D scene points as detected by
laser scanner and 3D scene points as reconstructed from vision data

The algorithm for processing of the stereo cameras’ images for the purpose of 3D reconstruction, that is for
the purpose of calculation of distance between the camera C1 and the detected object on the rail track will
be detailed in following chapter. Here, the final result of merging the 3D data as reconstructed from stereovision and 3D points of laser scanner for the purpose of initial consideration of necessity of sensor data
fusion is presented. The 3D coordinates of the points of detected rail tracks as well as of the object placed
onto the rail track with respect to the coordinate system of the left stereo camera (C1) were plotted together
with the 3D points extracted from the laser scanner data, as shown in Figure 5(c). Figure 5(c) was obtained
using the Rviz ROS Visualization [5]. The object and the rail tracks reconstructed using vision sensors are
shown in gray and brown colour respectively, and the laser data points are shown in red colour. After
merging the 3D points reconstructed by both type of sensors, vision and laser, the laser data points which
were close to or between the rail tracks were considered as points belonging to significant object as
represents with the blue box in Figure 5(c). The distance of the object measured by the laser scanner with
respect to world coordinate system (left camera) was 54.947 m which is, as expected, comparable with the
measured real distance of the object of 55 m. The distance of the object with respect to the left camera as
reconstructed from vision data was 51.278 m. The error in vision-based distance calculation is a
9
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consequence of uncertainties in camera calibration and in 2D images processing of rectified images, in
particular of uncertainty in finding the stereo corresponding points. However, in spite of this error, the
presented preliminary results illustrated 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) defined by vision-based scene reconstruction
fused with the laser data points enabled finding of the important laser data points
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3. Stereo vision-based object distance calculation
In this chapter, the algorithm for processing of 2D images of stereo camera system for the purpose of 3D
reconstruction is presented in details.
The vision data, which will be used for the algorithm explanation, were recorded in the field tests
performed by SMART partners UB, UNI and SOVA in Niš, Serbia, on 20th-23rd November 2017. Three
mono cameras (C1, C2 and C3), representing two pairs of stereo cameras, were mounted on the test-stand,
together with the laser scanner and thermal camera in the locations which resemble their intended locations
in the final integrated OD system (Figure 6). The base line of the stereo camera system C1-C2 was 0.5 m
and the longer baseline of the stereo cameras’ pair C1-C3 was 1.15 m. The field tests were performed in
different times of the day and night on the location of the straight rail tracks in the length of approximately
1300 m. During the performed field tests, the members of the UB, UNI and SOVA teams imitated potential
obstacles on the rail tracks located on different distances from the SMART test-stand (Figure 6).

Figure 6 Field tests performed on the straight rail tracks; Test-stand with the SMART sensors viewing the rail tracks
and an object (person) on the rail track

Example images of the rail tracks with possible obstacles located on different distances from the stereo
cameras are shown in Figure 7.

C1

C2

C3

Figure 7 Original images of SMART stereo cameras C1 (left), C2 (middle) and C3 (right) of the scene including rail
tracks and obstacles on the rail tracks

3.1. Stereo vision-based 3D reconstruction – theoretical background
The main disadvantage of monocular cameras is that due to the projection of the 3D objects present in the
imaged scene onto the 2D image surface the distance information to the objects is lost. However, this
information can be retrieved if two or more cameras are imaging the object of interest and if the relative
positions of these cameras are known. A camera system that includes two monocular cameras is called
stereo camera system.
A stereo camera system is generally composed of two monocular cameras which are both imaging the scene
that should be observed, similarly to how the human eyes are used for perceiving depth. In contrast to a
11
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monocular camera, the second perspective allows the 3D location of real-world points to be estimated based
on the position of their projections on the two image planes. This process is also known as triangulation and
is covered by the epipolar geometry [6].
Based on the orientation of the two cameras with respect to each other, the stereo cameras can be
convergent if the optical axes intersect in front of the stereo camera (the cameras look to each other),
divergent if the optical axes do not intersect in front of the stereo camera (the cameras look away from each
other) or parallel if their optical axes are parallel. The parallel configuration additionally allows the
calculation of so-called disparity, which is the value inversely proportional to the distance between the
camera and the imaged point in the scene.
An example of convergent stereo cameras can be seen in Figure 8. For a stereo camera system, each of the
two cameras has two coordinate systems: an image coordinate system (u,v) and a camera coordinate system
(x, y, z), which are usually denoted differently to indicate to which camera the coordinate applies. An
additional parameter of the stereo camera is the distance between the two cameras, which is known as base
line b.

Figure 8 Illustration of relationships between the first camera and the second camera of the stereo camera system and
the world coordinate system

The intrinsic parameters of each of the stereo cameras are denoted in Figure 8. These are: the optical center
of the camera C, the focal length f as the distance between the center of the image plane and the optical
center, where the center of the image plane is the projection of the optical camera center on the image plane
and it is called principle point c. For any 3D world point A, a projection point a on the image plane exists at
the intersection of the ray AC with the image plane. As the image sensor surface has a limited size,
projection points that lie outside the sensor surface will not appear on the resulting image.
In the stereo camera system illustrated in Figure 8, it can be observed that the two camera centers form a
plane together with the point A, which is the world point that is imaged. This plane is called epipolar plane
and its intersection with the two image planes generates two epipolar lines, one on each image plane. It can
be seen that the two corresponding points a and a’ of an imaged point A are constrained to lie on the
epipolar lines (blue lines in Figure 7).
In stereo vision, the stereo cameras with parallel optical axes are of particular interest for applications.
Figure 9 illustrates the coordinate systems of a stereo camera with parallel optical axes. The first and the
second cameras of the stereo camera system are denoted in this case as the left camera L and the right
camera R, and all the camera’s parameters are consequently denoted with indexes L and R respectively.
A

optical axis
left camera
uL

uR

vL

vR

cL
fL yL

cR

aR

aL
zL

optical axis
right camera

zR

fR yR

xR

xL

b

CL

CR

Figure 9 Stereo camera system with parallel optical axis with the image and camera coordinate systems
of the left and right camera

12

D3.1 Report on algorithms for 2D image processing
For stereo cameras, it is common to consider the origin of the stereo camera system in the optical center of
the left camera. Stereo cameras with parallel optical axes have particular values for the rotation and
translation matrices defining their pose with respect to a world coordinate system. Namely, the “ideal”
extrinsic parameters of camera (which are important for definition of the camera pose with respect to a
world coordinate system) are:

1 0 0
R L  0 1 0
0 0 1

0 
t L  0
0

(1)

1 0 0
R R  0 1 0
0 0 1

 b 
t R   0 
 0 

(2)

where RL and tL are the rotation matrix and translation vector for the left camera and RR and tR are the
rotation matrix and translation vector for the right camera. The base line b is exactly the distance for which
the right camera is translated along the x axis, as can be seen in (2).
As this ideal case is very unlikely to occur in real-world applications, the extrinsic parameters must be
estimated along with the intrinsic parameters during the camera calibration procedure [6].

3.1.1. Stereo triangulation
Generally, regardless of how the two cameras are oriented with respect to each other, the 3D location of the
world point A(x, y, z) can be obtained by stereo triangulation. For this operation the two projections of the
point A in two stereo images are required, a(u,v) and a’(u’,v’), together with the two projection (camera)
matrices P and P’ of the stereo cameras calculated during camera calibration procedures. Triangulation
implies solving the following set of equations:

 uP3T  P1T   x  0
 T
 
T  
vP

P
3
2

  y   0 
u ' P3'T  P1'T   z  0
 'T
 
'T   
 v' P3  P2   1  0

(3)

where the generic terms PnT and P 'nT refers to the n-th row of the camera matrix P and P’ respectively.
Equations of the type Ax=0 can be solved either by Singular Value Decomposition (SVD) or by computing
Characteristic vectors. In order to assess how precise the result of each of the two methods is, the error e
can be defined as the sum of absolute values obtained from multiplying the matrix A with the given x:

e  R1  R2  R3  R4

(4)

where R1, R2, R3 and R4 are the four components of the vector, which ideally should be equal to zero.

3.1.2. Stereo rectification
For stereo cameras with parallel optical axes, so-called disparity maps can be computed if their focal
lengths are equal so that the two image planes lie in the same geometric plane. If this condition is not met,
which usually happens due to mechanical misalignments of cameras, the images must be stereo rectified.
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. The result of stereo rectification is considerably improved if
the actual camera setup is close to these ideal conditions.
One of the most important properties of stereo rectified images is that the epipolar lines are parallel to the
horizontal u axis of the image. Further, a pair of corresponding points, that is the two projections of the
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same 3D point on the two images, is located on the image lines with the same v coordinate. Figure 10
illustrates this property. In Figure 10(top) an example object point was selected in the left original stereo
image and a blue line illustrates the v coordinate at which the corresponding object point should lie in the
right original stereo image. However, it can be seen that the object point in the right image is located at a
smaller v coordinate. In Figure 10 (bottom) the image pair after stereo rectification is shown. In contrast to
the case of the original images, for the rectified image pair the corresponding object point in the right image
lies on the same v coordinate as the selected object point in the left image, as illustrated by the blue line.

Figure 10 Example of stereo rectification: (top) Original image pair and (bottom) Stereo rectified image pair

In order to perform stereo rectification, the intrinsic camera parameters are required, together with the
rotation matrix and translation vector, which describe the rotation and translation of the right camera with
respect to the left camera. These parameters can all be determined using camera calibration.
Even though the location of the projected 3D point can be computed using triangulation for all stereo
camera setups, the fact that for stereo rectified images the correspondent points lie on the same image line
speeds up the searching process considerably. Due to this property disparity maps can be computed very
fast using adequate methods.

3.1.3. Disparity calculation and 3D point reconstruction
Stereo rectification of images enables the computation of so-called disparity maps, which are images in
which each pixel value at particular coordinates encodes the distance between the camera and the 3D point
projected on the left image at the same coordinates. In other words, for each image point a(u, v) in the left
image, the corresponding disparity value in the disparity map is d(u, v). For visualizing the disparity maps,
they are most commonly represented either as grayscale image, for which the pixel intensity is inverse
proportional to the distance, or as colour image in which the distance is encoded with colours between red
and blue, where red points are close to the camera (hot) and blue points are far (cold). One of the biggest
problems faced in disparity map computation is finding corresponding points in the two images, a process
also known as stereo matching. There are various ways for computing disparity maps, which can be mainly
14

D3.1 Report on algorithms for 2D image processing
divided in three categories: local methods, which only use the close neighbourhood of a pixel in the left
image for finding its correspondent pixel in the right image; global methods which extract features from
both full images and match them; and hybrid methods, which use a combination of the two [9].
After two corresponding image points aL(uL,vL) and aR(uR,vR) have been found, the disparity value is defined
as:

d u L  u R

(5)

where d is the disparity and uL and uR are u coordinates of the corresponding points in the left and right
stereo image respectively.
If the disparity value d for a point aL(uL,vL) is known, the 3D location of the original point A(x, y, z), with
respect to the stereo camera coordinate system is given by:
x

b f
b  (u L  u cL )
b  (v cL  v L )
,y
,z
d
d
d

(6)

where f is the focal length of the left camera, b is the base line of the stereo camera system and c(ucL, vcL) is
the principal point of the left camera. The z-coordinate in (6) represents the distance to the stereo camera
coordinate system.

3.2. 2D image processing for detection of possible obstacles on the rail tracks
In order to calculate disparity for the purpose of distance calculations, the SMART stereo camera pairs are
firstly calibrated and the calibration parameters are used for stereo rectification. Each rectified image of a
stereo pair is then processed through the sequence of 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.

3.2.1 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 (Figure 11).
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

(7)

where f(u, v) is 2D original rectified (grey-level) image. The result of this processing operation, after the
removing of the weak gradient values in order to keep only the gradient values above the certain threshold,
is shown in Figure 12. For the sake of visualisation, the thresholded gradient values are overlaid on the
original rectified (grey-level) image and they are represented with different colors.
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Figure 11 Rectified original (grey-level) image of the SMART camera C1 of the scene including rail
tracks

Figure 12 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)
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Although the rail tracks were segmented as the lines of clear strong edges in the previous processing step,
gradient-based edge segmentation, it is necessary to detect them. Namely, it is necessary to “give a sense to
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 are 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), is defined as illustrated in Figure 12. 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 Figure 12) are considered as the seed points for the
subsequent region-growing operation. Starting from the detected seed points, a region growing operator is
applied so that the pixels with the thresholded gradient values are added to the previously defined region if
connected to the pixels of that region. The result of region growing processing step is shown in Figure 13,
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 is 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 Figure 14.

Figure 13 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
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Figure 14 Rectified original (grey-level) image of the SMART camera C1 overlaid with the detected rail tracks

In order to overcome the problem of “stopped” rail tracks detection, which resulted in uncomplete rail
tracks detection, a prediction of rail tracks is performed starting from the detected rail tracks pixels. For this
purpose, firstly, the middle pixel in each row of detected rail tracks is calculated resulting in one-pixel thick
detected rail tracks as shown in Figure 15.

Figure 15 Rectified original (grey-level) image of the SMART camera C1 overlaid with the one-pixel thick detected
rail tracks
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The ending points of the one-pixel thick detected rail tracks are used for the calculation of the coefficients
of a first-order polynomial which fits the rail the best. These coefficients are further used to predict the rest
of the rail. The user is able to specify how many percent of the rail to be involved in polynomial fitting. For
most of the cases, the last 20% of the detected rail tracks provides a good estimation. The result of rail
tracks prediction is given in Figure 16.

Figure 16 Rectified original (grey-level) image of the SMART camera C1 overlaid with the one-pixel thick rail tracks
containing detected and predicted parts of the rail tracks

3.2.2 Detection of the ROI which contains an object
In the example explained in section 3.2.1 above, the continuation of the rail tracks beyond the breaks in
detected rail tracks was estimated without the consideration of the cause of the breaks in the rail tracks
detection. However, 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 Figure 17). 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 Figure 17.
Figure 17 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 image region assumingly large enough to contain potential obstacle of approx. 2 m real height.
However, a robust automatic method for definition of object ROI will be the subject of future development
of SMART stereo-vision module for obstacle detection
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Figure 17 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)

After the detection of one-pixel thick rail tracks (Figure 18), the tracks’ end points are considered as the
breaks in the detected rail tracks. A rectangular image region of the size enough large to bound the break
region as well as surrounded region of approximately 2 m real heights is defined as the object ROI. This is
illustrated for the case of the break in left rail track in Figure 19.

Figure 18 Rectified original (color) image of the SMART camera C2 overlaid with the one-pixel thick detected rail
tracks
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:
Figure 19 Rectified original (color) image of the SMART camera C2 overlaid with the ROI defined around the break
in detected left rail track in Figure 18

It is assumed that an object, potential obstacle on the rail track is in the center of defined ROI. Starting from
that assumption, the defined ROI is further segmented using the so-called Grabcut algorithm as explained in
following section.

3.2.3 Segmentation of the ROI – object detection
The Grabcut algorithm [7] 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 labeling 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 labeling 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 in 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.
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Figure 20 Schematic of graph representing grabcut algorithm [8]
In the presented SMART application, starting from defined ROI (blue rectangular in Figure 19), 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 (Figure 21).

Figure 21 Rectified original (color) image of the SMART camera C2 overlaid with the ROI (blue bounding box) and
the Grabcat segmentation mask inside ROI (yellow rectangular)

The application of Grabcut algorithm, starting from defined user mask, leads to the foreground
segmentation, as illustrated in Figure 22, as well as to the background segmentation, as illustrated in Figure
23.

22

D3.1 Report on algorithms for 2D image processing

Figure 22 Rectified original (color) image of the SMART camera C2 overlaid with the ROI (blue bounding box) and
the segmented foreground of ROI (yellow region)

Figure 23 Rectified original (color) image of the SMART camera C2 overlaid with the ROI (blue bounding box) and
the segmented background of ROI (blue region)

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 Figure 24.
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Figure 24 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 tracks 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 stereo
triangulation as explained in section 3.1. For the purpose of 3D reconstruction of rail tracks, the
corresponding rail tracks’ points in stereo images are also used in stereo triangulation as explained in
section 3.1. 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 next section.

3.3. 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 C1-C3), were plotted together with the 3D points extracted from the
laser scanner data, as shown in Figures 25 and 26 respectively.
Figures 25 and 26 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 25 and 26. 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 1.
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Object B

Objects reconstructed
from laser scanner
Object A

Rail track reconstructed
from vision
Objects reconstructed
from Vision

SMART Multi-Sensor
OD System

Figure 25 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)

Figure 26 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)

As it can be seen from Table 1, 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 [10]. However, in spite of these errors, the presented results
confirmed the necessity of merging the data of different sensor technologies. Namely, although laser
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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 socalled region of interest (ROI) including the rail tracks, defined by vision-based 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 C1C3 stereo cameras but they are not visible by the C1-C2 stereo cameras.
Table 1 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
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4. Estimation of object distance from thermal camera image
4.1. Homography-based 3D reconstruction – theoretical background
Images obtained from monocular cameras have the disadvantage of not offering the possibility to directly
compute the distance from the camera to an object in the scene, which has been depicted in the camera
image. However, the so-called homography [4] offers the possibility to map the image plane and the
corresponding world plane. As a result of that mapping, the world 3D coordinates of each point in the
imaged world plane can be calculated. As railway tracks are located in a plane with respect to the
locomotive frontal profile, homography mapping is meaningful in order to get a rough estimation of the
distance from an on-board mono camera to a point on the rail track.
In this chapter, preliminary results on homography-based mapping between the rail tracks plane and the
SMART thermal camera image plane, used for estimation of the distance between the camera and the object
(possible obstacle) on the rail tracks are presented. This estimation involves two phases: calculation of
homography matrix H and mapping of points from one to another plane, rail track to camera image plane.
A point x from the real world is mapped to a point in the image x’ according to:

x  Hx ,

(8)

where x is the homogeneous vector of the point from the real-world, x’ is the homogeneous vector of the
corresponding point in the image plane and H is 3x3 homography matrix. Equation (8) can be written in the
following form:
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where (𝑥, 𝑦)𝑇 are inhomogeneous coordinates of the point from the real-world plane, measured in relation
to an arbitrarily chosen coordinate system and (𝑥1′ , 𝑥2′ , 𝑥3′ )𝑇 are homogeneous coordinates of the
corresponding image point. In order to get the inhomogeneous coordinates of the image point, i.e. its real
coordinates in the image (𝑢, 𝑣), the first and the second equation from (9) should be divided with the third
equation. The result of these divisions is as follows:
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The homography matrix H has eight degrees of freedom. This means that in order to calculate the elements
of matrix H one needs to build a system of eight equations of the form (10). Two equations in (10) are built
from the coordinates of one point (𝑥, 𝑦)𝑇 . This means that in order to build system of eight linear equations,
the coordinates of four points (in the image and in the real-world) are required with the restriction that none
of the three points are collinear. The last element of the H matrix, h33, is usually taken to be equal to 1,
h33=1 [4]. Therefore, starting from (10) the system of equations to be solved for elements of matrix H is:
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In shorter form, equation (11) is:
Ah  B ,
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where 8x8 matrix A represents the matrix of the system (11), vector h is the vector of elements of the
homography matrix H of dimension 8x1, and vector b is the 8x1 vector of coordinates of the image points.
Starting from (12), vector h can be obtained as:
h  A 1B .

(13)

4.2. 2D thermal camera image processing for detection of possible obstacles on the rail tracks
In order to detect possible obstacles on the rail tracks and to perform homography-based estimation of the
distance between those obstacles and thermal camera, the thermal camera image is processed through the
sequence of 2D image processing steps to achieve the following:
1) Rail tracks detection
2) Detection of the objects on the rail tracks and finding the intersection points between the rail tracks
and detected object
3) Mapping of the intersection point to corresponding real-world point using homography to estimate
the object distance.

4.2.1 Rail tracks detection
The vision data, which will be used in this section for the algorithm explanation, were recorded in the field
tests performed by SMART partners UB, UNI and SOVA in Niš, Serbia, on 20th-23rd November 2017, as
explained in Chapter 3. The selected FLIR Tau 2 thermal imaging camera [11] was mounted on the
SMART test-stand together with three mono cameras (C1, C2 and C3), representing two pairs of stereo
cameras, as shown in Figure 6. The vision data recording was performed at noon, at dusk, and during night
covering so different light conditions on the location of the straight rail tracks in the length of
approximately 1300 m. During the performed field tests, the members of the UB, UNI and SOVA teams
imitated potential obstacles on the rail tracks located on different distances from the SMART test-stand
(Figure 6). An example thermal image of the scene recorded on November 22nd at 19:13h (in dark) is shown
in Figure 27. At the time of image recording the temperature was 3.5°C and humidity 85.4%.

Figure 27 Thermal camera image of a rail track scene with obstacles on the rail tracks located on different distances
from the camera, respectively 50 m, 150 m, 300 m and 500 m

The starting point of development of the thermal image processing module was previous work performed
by the SMART partner UNI on thermal image-based human detection and tracking [12].
As first, rail tracks were detected using the established edge-detection operator, Canny edge detection. The
Canny operator was chosen as an optimal edge detector able to detect strong as well as weak edges, which
are connected to the strong edges, thanks to so-called hysteresis (double) thresholding [13]. The result of
Canny edge-detection operation, applied to the thermal image in Figure 27, is shown in Figure 28. The
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shown result was achieved using “manually” determined threshold parameters, which were tuned so that as
many true edges as possible were extracted. However, one of the goals of further development of the
SMART multi-sensory obstacle detection system is development and implementation of an adaptive Canny
edge detection where the threshold parameters would be determined automatically so that optimal result of
edge detection is achieved.

Figure 28 Canny edge detection in thermal camera image shown in Figure 27

Although the parameters of applied edge detection operator were “manually” chosen, the result of edge
detection in Figure 28 is not an optimal result. Namely, the edges of the rail tracks are not detected as
continues edges, due to numerous “breaks”, and numbers of spurious edges were detected together with the
“true” edges. This was an unexpected result bearing in mind that the same procedure gave almost “ideal”
rail track detection in thermal camera images recorded in preliminary field tests described in SMART
publication [1]. The reason for this difference in results is different environment conditions during the
thermal image recording. Namely, during the preliminary tests presented in [1], the thermal camera image
was acquired in almost ideal weather conditions with very low humidity. During the field tests presented
here, air humidity was high and the dew was forming on the rail tracks. The emissivity of the top surface of
the rail tracks is very low, and additionally since the dew formed very thin layer of water on the steel rail
tracks as well as on the objects surrounding the rail tracks, the emissivity of the rail tracks and background
had similar value, which caused that the image appearance of the scene objects of different materials was
slightly or not different at all. Because of this, the rail tracks in the thermal camera image in Figure 27
couldn’t be distinguished from the background as easy as in the camera image captured in optimal weather
conditions. In order to overcome this problem, a so-called thermal camera calibration was done after the
initialisation of the camera. Namely, two seed pixels, representing the beginning of the rail tracks in
thermal camera image were “manually” selected. Those seed pixels were used for filtering of the edge
pixels detected by Canny operator which, however, did not belong to the rail tracks. The result of this
filtering procedure is shown in Figure 29 (left).

Figure 29 Filtered Canny edge detection of rail tracks (left). Thermal camera image overlaid with the rail tracks
containing the detected and predicted parts.
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As it can be seen in Figure 29 (left), using the seed pixels-based filtering of the Canny edge detection result
enabled keeping of only strong certain rail tracks parts. In the future development of SMART OD system,
manual selection of the seed pixels will be replaced by an automatic selection. The goal of the algorithm
presentation in this deliverable D3.1 is, however, to explain the ideas behind the thermal camera image
processing module which will be optimised in next months and which will be finally implemented in the
on-line SMART on-board obstacle detection system.
The filtered Canny edges of the rail tracks, were used further for the prediction of complete rail tracks
visible in the camera field of view. The filtered pixels of the rail tracks were used for definition of 2 nd
degree polynomial, where the polynomial parameters were calculated by numerical curve fitting. The
complete rail tracks as containing the detected as well as predicted parts are shown in Figure 29 (right).

4.2.2 Detection of the objects on the rail tracks
In the example explained in section 4.2.1 above, the prediction of the complete rail tracks visible in the
camera field of view was done without the consideration of possible obstacles on the rail tracks. In order to
investigate whether there are some objects (possible obstacles) on the rail tracks, a ROI is defined as the
part of the original image which bounds the detected and predicted rail tracks. In order to perform a regionbased segmentation of this ROI using the similarity of pixel values in thermal camera image, the histogram
of defined ROI is calculated and shown in Figure 30.

Local minima used
for determination of a
threshold value

Figure 30 Histogram of the ROI in thermal camera image which contains detected and predicted rail tracks

The global maximum in the histogram in Figure 30 corresponds to the background pixels, that is to the
image regions of the objects of low emissivity including the rail tracks. The assumption is that the first local
maximum after the “global maximum +20” in the given histogram corresponds to the objects of higher
emissivity than the rail tracks. In order to segment those objects from the background, including rail track, a
threshold grey value is determined as corresponding to the local minima between the identified “global
maximum +20” and “next local maximum” of the ROI histogram, as shown in Figure 30.
Using the defined threshold value, the original thermal camera image was segmented so that all the image
pixels with pixel values higher than the selected threshold value were segmented as foreground (white), and
all other pixels were set to background (black). Such binary segmented image was post-processed so that
neighbouring segmented regions were connected by filling in the gaps between the regions and by
smoothening their outer edges with a 10pixels disc. Also, the binary segmented image was “de-noised” by
removing all the segmented areas smaller than 50 pixels. Finally, segmented regions were labelled and
smallest bounding boxes containing those regions were determined. The result of this processing is shown
in Figure 31, where the original thermal camera image is overlaid with the segmented regions of possible
obstacles on the rail tracks.
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Figure 31 Original thermal camera image overlaid with the detected objects (white regions) bounded with bounding
boxes (red rectangulares)

The final outcome of this processing step are the calculated intersection points, which are the intersection
points of the bounding boxes of the segmented objects and the detected rail tracks. It is assumed that those
intersection points lie in the plane of rail tracks so that they are further used in homography-based mapping
of the rail-tracks plane to the camera image in order to estimate the distance of the object to the camera.

4.2.3 Estimation of the distance between the object on the rail track and camera
In order to calculate homography matrix H, four reference points marked on the rail tracks were considered
as real-world plane (rail tracks plane) points in equation (11). The real-world coordinates of these points
were measured with respect to the world coordinate system attached to the thermal camera as the exact
locations of these points were predefined (points were marked on the rail tracks as being 50 m and 100 m
far from the camera’s test-stand). The lines formed with these points are marked with blue color in Figure
32). The corresponding image coordinates of these points were extracted manually for the sake of the
evaluation of homography-based object distance estimation.

Figure 32 Original thermal camera image overlaid with the reference part of the rail tracks plane used in homographybased mapping of the rail tracks plane to the image plane

Substituting the real-world coordinates as well as the image coordinates of considered points into (11) led
to the system of eight equations, which were solved for the elements of homography matrix H. Using the
calculated matrix H, the previously detected intersections points in the thermal camera image (points of
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intersection of detected objects’ bounding boxes and detected rail tracks) were mapped to the corresponding
real-world points. In other words, the real-world coordinates of the intersections points, representing realworld points in rail tracks plane, were calculated. These coordinates gave the estimated distances of the real
intersection points to the world coordinate system attached to the camera. The estimated distances of the
detected objects were 51 m, 155 m and 271 m, as given in Figure 33 (left). These estimated distances are
good approximation of the real distances of 50 m, 150 m and 300 m. However, after the distances to three
detected objects were estimated, it was seen that one of the object had intersection points with both detected
rail tracks, left and right, in contrast to other two objects whose bounding boxes intersected either with left
or with right rail track. Homography-based mapping of the intersection points with two rail tracks of one
bounding box gave two significantly different values, 271 m and 550 m, which indicated that the bounding
box containing rather two objects located on different distances from the camera. In this way, the result of
homography-based distance estimation was used as feedback information to improve segmentation-based
object detection. This finally resulted in four objects detected with the estimated distances of 51 m, 155 m,
271 m and 550 m (Figure 33 right) as opposed to real distances of 50 m, 150 m, 300 m and 500m.

Figure 33 Original thermal camera image overlaid with the detected rail tracks (green lines), with the detected objects
on the rail tracks (white regions bounded with red bounded boxes) and estimated object distances. Original object
detection result (left). Object detection result improved using the feedback from the homography-based distance
estimation (right).

The error in thermal camera-based distance estimation was a consequence of uncertainty in homography
matrix H calculation as well as of uncertainty in object detection (i.e. in detection of exact intersection point
of the object and the rail track). In future SMART development, the estimation method will be improved
using more advanced processing methods. However, in spite of the error in thermal-image based distance
estimation, the presented preliminary results illustrated the necessity of merging the data of different sensor
technologies. Namely, using the redundancy of the final multi-sensor integrated system, the rail tracks and
objects detection in thermal images will be merged with rail tracks and objects detection in stereo camera
images to increase the object detection accuracy and so to increase the accuracy of definition of region of
interest (ROI) to support segmentation of laser data point cloud. On the other hand, improved segmentation
of laser data point cloud will lead to accurate calculation of distances between the vehicle and the
significant objects.
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