

  infrastructures-04-00046




infrastructures-04-00046







Infrastructures 2019, 4(3), 46; doi:10.3390/infrastructures4030046




Article



Automated Three-Dimensional Linear Elements Extraction from Mobile LiDAR Point Clouds in Railway Environments



Luis Gézero 1,2,* and Carlos Antunes 1,3[image: Orcid]





1



Faculdade de Ciências, Universidade de Lisboa, 1749-016 Lisboa, Portugal






2



LandCOBA, Digital Cartography Consulting Lda, Av. 5 de Outubro, 323, 1649-011 Lisboa, Portugal






3



Instituto Dom Luiz, Universidade de Lisboa, 1749-016 Lisboa, Portugal









*



Correspondence: l.gezero@cobagroup.com







Received: 27 June 2019 / Accepted: 26 July 2019 / Published: 30 July 2019



Abstract

:

The railway structures need constant monitoring and maintenance to ensure the train circulation safety. Quality information concerning the infrastructure geometry, namely the three-dimensional linear elements, are crucial for that processes. Along with this work, a method to automated extract three-dimensional linear elements from point clouds collected by terrestrial mobile LiDAR systems along railways is presented. The proposed method takes advantage of the stored cloud point’s attributes as an alternative to complex geometric methods applied over the point’s cloud coordinates. Based on the assumption that the linear elements to extract are roughly parallel to the rail tracks and therefore to the system trajectory, the stored scan angle value was used to restrict the number of cloud points that represents the linear elements. A simple algorithm is then applied to that restricted number of points to get the three-dimensional polylines geometry. The obtained values of completeness, correctness and quality, validate the use of the methodology for linear elements extraction from mobile LiDAR data gathered along railway environments.
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1. Introduction


The railway infrastructure monitoring and surrounding environment maintenance are essential to ensure the train circulation safety. Preventive interventions are crucial, namely due to the gauge monitoring, ballast assessment and surrounding slopes maintenance. In order to define that interventions, it is necessary to have a good knowledge of the railway geometry and surrounding environments. Three-dimensional modelling of the railway’s surrounding environment is a constant need in order to restore safety levels due to the inevitable wear and tear of the railroad over the time. Given the large railroad network extension and access limitation, this can be highly demanding and expensive. Based on the symmetry of the standard railway construction profile, a rough parallel set of linear elements surrounds the rail track, and namely the ballast limits, electrical lines, break-lines, etc., can be determined. The three-dimensional representation of those linear elements is fundamental to the railroad and surrounding environment modelling.



The use of traditional methods to collect that information, namely the total stations and Global Navigation Satellite System (GNSS) surveying, is a very demanding task. Apart from time spent, these methods usually require safety measures for the operations, which imply disruptions or even interruption of the railway operation.



Terrestrial Mobile LiDAR Systems (MLS) installed on moving vehicles have emerged in recent years as a new source of very detailed georeferenced information. Mounted on trains, they eliminate the need for pedestrian access to the railway, while gathering dense and precise information of the railway surrounding area. There are essentially two MLS installation solutions to collect the point clouds along the railway: mounted directly on the train or mounted on a car transported by the train. Despite the different advantages and disadvantages of those different solutions, there are no significant accuracy differences in the obtained cloud points [1].



However, the MLS gathered point clouds are non-selective, i.e., they represent all of the elements in the sensor surrounding at a given moment, without any sort of classification. This makes it impossible to distinguish between points that represent the ground, vegetation, poles, rail tracks, persons or any other object within the sensor range. It is then the necessary method’s implementation that allows an efficient classification of the points that represents a specific object among the millions of the cloud points.



In last few years, the use of LiDAR data has progressively increased, and several studies have been published where this type of data are used for railway infrastructures monitoring, such as tunnels [2,3], railway gauge [1], railway bridges [4], rail surface monitoring and quality indexing [5] and rail surface defect detection [6].



Some studies have focused on extracting point elements from MLS data, like catenary systems [7], poles [8], trees [9] and traffic signals [10]. In [11], previous existing algorithms are adapted to extract several nonlinear objects from the railway environments, namely buildings [12], electric poles and vertical signals [13], trees [14] and ground points [15].



Regarding linear elements extraction, the automatic extraction of railway tracks lines is clearly the most recurrent subject in the existing bibliography about the use of MLS point clouds in railway environments [16]. In [17], the signal intensity reflectance is used to isolate the cloud points that represent the rail tracks from the remaining data, and then the geometric characteristics of the rail tracks are used for modelling and extraction. The study presented in [18] takes advantage of the MLS point clouds decomposition in accurate profiles. By preforming the matching between each system gathered profile and creating a template profile of the infrastructure elements, the rail tracks and turnouts are detected. In [19], the method uses an integrated data-driven and model-driven approach, enhanced by fitting a 2D grid to track bed and by employing template matching to eliminate rail track false positives. The algorithm presented in [20] makes the classification of a small part of the cloud points (based on height), allowing the application for a railway with small slopes, which then uses the Eigen decomposition to select the cloud points representing the rail tracks, ensuring the method operationality regardless their size. The work presented in [21] proposes a Conditional Random Field classifier developed based, which would be the MLS point clouds converted into a set of line segments to which the labelling process is applied. Support Vector Machine (SVM) is then used as a local classifier, which considers only the node features for producing the unary potentials of the CRF mode as a way to classify the different railway electrification system objects using MLS data.



In [22], a fast algorithm to extract rail using MLS data is presented. The method requires data pre-processing to sort the points on each scan line according the signal transmission time, and then the rail tracks are extracted from each scan line based on their shape and relative position. In [23,24], the rail tracks are determined and modelled based on the rail track shape. In the first case, it matches the shape of the ideal rail head with respect to the point cloud by the iterative closest point algorithm. In the second case, it first fits a parametric model of a rail piece to the points along each track, and then estimates the position and orientation parameters of each piece model.



Other linear elements extraction, besides the rail tracks, have been subject of studies but in smaller number. Taking advantage of the fact that a pair of rail tracks is parallel and locally linear, a method to the railroad centreline (axis) determination is presented in [25]. Two approaches are tested; the first determines the centre position directly between points of a pair of rails. The second approach makes the rail track modelling by fitting a parametric model to the extracted rail points.



In [26], power lines are extracted, taking advantage of its parallelism with the rail tracks and using a self-adaptive space region growing method. Using ALS data, the study presented in [27] uses a four-step method to extract the power lines on urban areas.



The need of a proper ballast section maintenance is highlighted in [28]. The study uses a LiDAR system to get the ballast cross-section, given its importance to railroads from both a safety and ongoing maintenance point of view. The ballast top and bottom terrain break-lines are two crucial linear elements to cross-section creation and railway environment modelling, being that its extraction evaluation is included in this work.



More recently the demand of vector linear elements extraction has increased due the emerging Building Information Modelling (BIM) technology. BIM is a collaborative methodology based on parametric three-dimensional models, centralising different types of geometric and geospatial information. This technology has aroused the interest of more and more researchers, since its application along the railway is the object of several studies [29,30]. The three-dimensional linear elements are a crucial need for railway modelling and for the successful implementation of the BIM model.



In the present work, an efficient generic methodology for the extraction of three-dimensional linear elements along railway environments using point clouds collected by MLS is presented.



The proposed methodology takes advantage of the MLS working principles knowledge, rather than only using the three-dimensional point coordinates and then applying methods to the cloud as a mass of points. Also, it assumes that the linear elements to be extracted are roughly parallel to the railway tracks and consequently to the sensor system trajectory. The proposed methodology is strictly applicable to the situation where the MLS platform is installed in a train and has no freedom to change is trajectory, which happens in the case of systems that are installed on a car traveling along a road.



The remainder of this paper is structured as follows. In Section 2, a description of the MLS working principles and proposed methodology is presented. The obtained results for a real railway point cloud sample are presented in Section 3, with respective completeness, correctness and quality values. Section 4 has a critical analysis of the obtained results and future work ideas. Finally, the overall conclusions are presented.




2. Materials and Methods


2.1. MLS Working Principles and Storing Standard Files Format


Usually, the data registered by the MLS are classified in two types: trajectory data and laser sensor data. The trajectory data include all data that allow the system to compute the most accurate position of the laser sensor along the trajectory.



The laser sensor data consist of a set of distances and angles that allow the ability to compute the point’s coordinates in space in regard to the sensor position. Most commercial systems use a “time of travel” strategy, i.e., the laser sensor emits an electric pulse and the travel time between the emission and the reception moments after being reflected on the object is accurately registered on the sensor.



To get the cloud effect and to ensure a full surrounding coverage, two types of movement are applied to the pulse direction. The first is a rotational movement 360° around the sensor axis, creating a cross-section. The second movement results from the vehicle movement in which the sensor is installed, generating the cloud effect through consecutive cross-sections. In Figure 1a, schemas of these two movements are presented.



The LAS file format is a public standard file format for point cloud interchange, which is created and maintained by the American Society for Photogrammetry and Remote Sensing (ASPRS). This binary file format, or a generic ASCII file interchange format used by many companies, is an alternative to proprietary formats. The LAS is a binary file that maintains specific information regarding the LiDAR nature of the data while not being overly complex [31].



The LAS file contains the information regarding each gathered light pulse, including its attributes, namely, its three-dimensional coordinates, GPS epoch, intensity value, scan angle, scan direction, etc. In the 1.4 LAS version [32], the scan angle is defined as the rotational position of the emitted laser pulse with respect to the vertical of the coordinate system of the data. The 2 bytes variable allows the increment of 0.006° interval, positively incremented in the clockwise counter direction from the sensor rear viewpoint, allowing for a value of 30,000 in vertical direction.



Since the publication of LAS version 1.4 is quite recent, there is still no adaptation of most of the processing software for the creation of the LAS files in this version, so throughout this work all used point clouds are stored in LAS version 1.2 file format. Therefore, the scan angle attribute is a 1-byte integer, which only allows for the storage of 255 distinct values. However, it is possible to convert the 360 possible values to the 255 available values in a simple form represented in Equation (1):


V255 = V360 × 255/360



(1)




where V255 is the value converted to 1-byte range and V360 is the value of the angle rounded to the degree. Figure 2 represents an extraction from a point cloud obtained by MLS along a railway line and coloured by intensity and scan angle.



In Figure 2b, it is possible to observe the symmetrical effect of the scan angle values regarding the sensor trajectory. Despite the 255-values conversion limitation, there is still a significant segmentation of the cloud. Figure 3 shows a typical cross-section of the scan angle coloured point cloud.




2.2. Proposed Methodology


The proposed methodology uses the scan angle value to restrict the cloud to a small number of points with the same scan angle value, which represents the linear element to extract. It is assumed, that the linear elements are roughly parallel to MLS trajectory and, consequently, all cloud points that represent them will have approximately the same scan angle. Then, using the restricted classified cloud points, a simple algorithm will be applied to create the three-dimensional linear elements vertices.



For instance, considering a 0 degrees scan angle, a ground points strip under the sensor trajectory, can be obtained, since the scan angle origin is in sensor nadir direction. In Figure 4, all points with 0 scan angle value are represented in red, and the remaining cloud points are white. It is important to emphasise that throughout this work, all the angle values do not represent the system real measured scan angles, but rather the original value rounded to the nearest integer and converted to the 255-values scale stored in the LAS file.



The 0 scan angle values are usually represented the narrower strip points since they are closest to the sensor and have a vertical incidence angle. After the scan angle point classification, it is still necessary to convert the classified cloud points to a vector linear three-dimensional element. To create that element, a value D is defined as the distance between the line vertices. Then for each vertex, the cloud points coordinate average (0 scan angle value) under the distance range (R) are used to compute each vertex position. This simple process works well since the scan angle classified points are always represented by a point strip. Therefore, if R is greater than the strip width, then the coordinate average points will tend to be located along the strip axis. The algorithm illustration schema is presented in Figure 5.



The algorithm starts with the D and R values definition, where D must always be equal or higher than R double. The D value can be adjusted based on the pretended detail for the extracted line. Smaller distance between vertices means greater detail of the extracted line. In the trajectory line example of Figure 5, the coordinate Z results from the average Z coordinates of the classified points. However, depending of the linear element type, the maximum or minimum Z value can be used. A higher R value increases the number of classified points used, which can lead to higher standard deviations and degradation of the Z coordinate accuracy. The R value should be kept near the double of the classified point’s strip width value. For proper method operation, the classified points should be ordered according the trajectory direction. That should happen by default, since it is the acquisition order, otherwise, the GPS epoch attribute can be used to perform that ordering.



The respective method pseudocode is presented below:




	
Input: Restricted scan angle classified cloud points



	
For each point P




	○

	
If Distance2D (P, Pprev) < D then go to Jump:




	○

	
For each point P1




	▪

	
If Distance2D (P, P1) < R then




	▪

	
PointsList add P1




	▪

	
End if




	○

	
Next




	○

	
Vertex = Average (PointList (X, Y, Z))




	○

	
VertexList add Vertice




	○

	
Clear PointList




	○

	
Jump




	○

	
Set Pprev = P





















	
Next



	
Polyline = Vertexlist








The Douglas–Peucker algorithm [33] reveals to be a suitable method to smooth the resulting line, keeping its geometry and reducing the number of vertices. Figure 6 shows an example of an extracted three-dimensional trajectory line.




2.3. Rail Tracks Centre Lines


The proposed method for the rail tracks lines extraction is very similar to previously presented to trajectory line extraction.



Given the thickness and configuration of the rail tracks, the respective cloud points may have more than one scan angle value, and it is necessary to use several scan angles. In the cross-section example shown in Figure 7, three scan angle values are used for each rail track. The left and right values of the present example are not symmetric since the position of the sensor does not match the railroad axis.



After identifying the scan angles representing each rail track, the element points can be aggregated, as shown in Figure 8.



After the rail track point cloud classification, the centre line creation methodology is very similar to the method described for the trajectory line. As shown in Figure 5, after R and D values are defined, the algorithm is applied. However, instead of using the point’s three-dimensional coordinates average to create the line vertices, just the planimetric average coordinates (X, Y) are used. For the line vertices Z-coordinate, the maximum value of the points at R distance is used.



The use of the point’s maximum Z-coordinate becomes necessary since the resulting line vertices are assumed to have the rail track top altimetric values. This would not happen if the average Z-coordinate of the selected points had been used, since the classified points, due to the R-ray distance, were selected from the top and bottom of the rail. Figure 9 shows an example of the obtained rail tracks top centre lines.




2.4. Ballast Top and Bottom Break-Lines


Another example of three-dimensional lines in a railway environment is the terrain break-lines, which play a key role in the digital terrain model quality [34]. A typical case of those lines in railway environments is the ballast top and bottom lines. The ballast maintenance is fundamental to distribute the dynamic loads from the vehicle to the embankment and to ensure the track stability, and the ballast cross-section (profile) it is critical to do that maintenance [28,35,36]. As a way to model the ballast surface and create consecutive ballast cross-sections, it is necessary to design the top and bottom ballast break-lines. In Figure 10, the lateral ballast area, comprehended between the top and bottom break-lines, is indicated.



To apply the proposed method to the top and bottom ballast lines extraction, it is necessary to identify the scan angle value of the cloud points that represent it. Once more, consecutive scan angle values can be used to unsure that both lines to extract are included in the classified points. An example of the obtained results, after the classification and aggregation of the angle values, can be seen in Figure 11.



Figure 10 and Figure 11 shows a greater dispersion of the classified points in the ballast bottom. Such point dispersion occurs due to the existence of growing vegetation and grassy areas. Since, if at least one of the points contained in the R distance of Figure 5 reached the ground, then the point with the minimum Z-coordinate will also be on the ground. In way to eliminate the vegetation effect, the minimum Z-coordinate of the points was used for each line vertex. Figure 12 shows the result obtained for the ballast top and bottom lines.





3. Results


In order to test the proposed methodology for the extraction of three-dimensional lines in a railway environment, a point cloud obtained by an SLMT installed in a train was used with the sensor RIEGL VQ-250. The cloud covered area is approximately 550 m long. Table 1 shows the sensor main characteristics.



After data acquisition, the trajectory was processed using the IMU and GNSS data and subsequently integrated with the distances and angles collected by the laser sensor. The obtained georeferenced point cloud was exported to LAS format, version 1.2. Figure 13 presents the point cloud coloured by elevation.



Several cross-sections were created along the cloud and materialised in a CAD software to identify the point’s scan angle values that represent the lines to be extracted. The cross-section points were coloured, and each scan angle value was assigned to a colour in the CAD environment, getting results like Figure 3, Figure 7 and Figure 10.



Once the point’s scan angle values were identified, based on the pseudocode presented in Section 2.2, a C# algorithm allows the generation of the extracted three-dimensional lines. Figure 14 highlights three-dimensional lines obtained, and the modelling result is presented in Figure 15.



In Figure 15, the blue lines represent the rail track top (head) middle line, directly extracted from the point cloud. Other railway elements can be obtained, such as the rail track axis line (centre of the two tracks), resulting from the average coordinates of those two lines. The rail gauge, defined as the minimum distance between the two rail tracks, can be calculated from the tracks middle centre line’s minimum distance (less than the track width value). Even the entire track shape can be modelled using its parametric values [25].



To evaluate the quality results, the linear elements have been also manually extracted. The manual process was performed through a consecutive cross-section along the point cloud. In CAD software, all key points of the rails and ballast lines were marked in each cross-section. The manual extracted lines result from the sequential union of those key points.



For each line vertex extracted through the automated proposed methodology, the three-dimensional distance of the manual digitised line was measured. Based on those values, the accuracy metrics of completeness, correctness and quality, usually used on such assessments [17], were calculated for the proposed method evaluation by:


Completeness=TPTP+FN



(2)






Correctness=TPTP+FP



(3)






Quality=TPTP+FN+FP



(4)




where TP is the true positive length, i.e., the line’s length at less than 5 cm distance in both manual and automated extraction datasets; FN is the false negative length, i.e., the length of the manual lines where the distance to the automated extracted is higher than 5 cm; and FP is the false positive length, i.e., the length of the automated extracted lines where the distance to the manual is higher than 5 cm. Table 2 lists the completeness, correctness, and quality values obtained for the proposed method, when compared with the manual digitalised lines.




4. Discussion


The ballast lines have lower accuracy than the rail tracks centre lines. That happens because those lines are much less defined, and the 5 cm R-ray circle that is used is very tight. By increasing such limit distance to 15 cm, all lines quality measurement accuracy increases up to 85%. It should be noted that the number of manual digitalised line vertices is much lower than the vertices number of the proposed methodology extracted line. The reason is due to the used manual process; the number of cross-sections traced by the operator depends on the perception of the line’s direction and height variation, while in the proposed methodology, the number of vertices depends of the pre-defined D-distance between vertices.



Also, mainly due to the terrain slope variation, the ballast width will change and consequently the cloud points scan angle, representing the top and bottom ballast break-lines, will also change. In larger datasets, it may be necessary to have additional restrictions to the scan angle classified points. In future work, the decomposition of the scan angle classified cloud points in the original scan profiles, and the application of height and slope thresholds values to the individual profile points, should be tested and analysed to obtain the best perform. Such restrictions, in addition to the scan angle classified cloud points, may well be a solution to overcome that issue.



Although not fully automatic, the method implementation is very simple, and the execution is very fast, extracting all lines along the 550 m of the used dataset in less than 1 min.



The detail level definition of the extracted lines, through the threshold values definition (R and D of Figure 5), is another advantage of the proposed method.



Regardless of being a standard format, the performed tests showed that many of the MLS data processing software do not yet use the correct LAS specifications. For example, the Optech LAS files generated by the LMS Pro version processing software have a continuous value from 0 to 255, increasing anticlockwise. While, in the software Trimble Trident version 7.1, the LAS Files has a zero value for the scan angle for all cloud points.



In future works, the use of the 1.4 version LAS files, which have a much higher definition of the scan angle, should allow for a higher versatility and a greater accuracy.




5. Conclusions


Throughout this work, a different approach for three-dimensional linear elements extraction from mobile LiDAR point clouds in railway environments is presented. This takes advantage of the linear elements that are being extracted, which are roughly parallel to the railway tracks and consequently to the sensor system trajectory. The proposed methodology uses the scan angle variable to restrict the number of cloud points, and the method simplifies the linear elements extraction.



Beyond the obtained results, this work intends to highlight the potential of the stored information for each point in an LAS file and for the classification and extraction process of point cloud elements.
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Figure 1. Laser sensor working principles schema: (a) Mirror rotation movement deflecting the emitted (red) and received (green) pulse; (b) Schematic representation of the reflected pulses creating a profile effect, coloured by the scan angle (grey pulses are not reflected to the sensor). The point cloud effect results from the train movement through consecutive cross-sections. 
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Figure 2. Point cloud sample obtained by an MLS installed in a train along a railway line: (a) Grayscale representation intensity values; (b) Coloured point cloud based on scan angle values converted to 255 values. 
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Figure 3. Scan angle coloured point cloud from a cross-section. 
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Figure 4. Point cloud just with the 0 scan angle value points coloured in red. 
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Figure 5. Three-dimensional line creation schema based on the classified 0 scan angle value points (red). Each new line vertex coordinates result from the average point coordinates inside each R-ray circle, with D as the approximate distance between vertices. 
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Figure 6. Example of a three-dimensional line extracted, representing the sensor trajectory. 
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Figure 7. Scan angle coloured cloud cross-section and scan angle values for rail tracks classification point. 
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Figure 8. Rail track point cloud classification: (a) Scan angle classified cloud points, rail track points (red) and remaining points (white); (b) Rail track points detail. 
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Figure 9. Rail tracks scan angle classified points and rail tracks top centre lines (blue) resulting from the vertices (green) union. 
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Figure 10. Scan angle coloured point cloud cross-section, with ballast top and bottom indication. 
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Figure 11. Scan angle top and bottom ballast points classification (red). 
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Figure 12. Resulting ballast top (blue) and bottom (green) extracted lines. 
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Figure 13. Elevation coloured point cloud obtained after data processing. 
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Figure 14. Highlighted area of total line’s extraction. 
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Figure 15. Three-dimensional linear elements modelling sample. 
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Table 1. Riegl VQ-250 sensor main characteristics.
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	Characteristics
	Values





	Scan frequency
	200 Hz



	Laser pulse repetition rate
	Up to 300 Hz



	Minimum distance
	1.5 m



	Points relative precision
	0.005 m
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Table 2. Three-dimensional extracted lines accuracy measurements.
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	Extracted Line
	Completeness (%)
	Correctness (%)
	Quality (%)





	Left bottom ballast
	82.0
	81.6
	69.2



	Left top ballast
	85.8
	85.4
	74.8



	Right bottom ballast
	80.6
	80.4
	67.3



	Right top ballast
	82.9
	82.5
	70.5



	Left rail
	98.7
	98.9
	97.7



	Right rail
	99.3
	99.3
	98.6
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