Using a LIDAR scanner to highlight obstacles of interest in Image data
Abstract
Typically when detecting obstacles in images a high resolution image depicting a scene of some magnitude is presented to an obstacle detection algorithm. The algorithm then searches or analyses the whole of image space for the given obstacle despite the fact that some image regions are “uninteresting” to that particular algorithm e.g. the image background. A laser range finder is capable of detecting the presence (but not recognising) of obstacles in front of it by computing their three dimensional position. This position can be projected onto a camera image plane to narrow the search space for an obstacle recognition algorithm. In this paper this type of sensor fusion is demonstrated with results showing its effectiveness.
1
Introduction

There has been many computer vision algorithms developed for the detection/recognition of obstacles within intelligent vehicle scenarios. Gavrila, Broggi [ref] to name but two have addressed the problem of pedestrian detection. Broggi, Martins [ref] have addresses the related problem of vehicle detection within the same environment. There is no doubt that obstacle detection is a hot topic within intelligent vehicle circles. The majority of these techniques deploy a single type of sensor to do the detection (usually a passive image sensor if recognition has to be done as well). Because cameras image everything that reflects light in the field of view of the lens there is a lot of redundant information presented to the detection algorithm. The addition of another sensor (LIDAR scanner) can eliminate a lot of this redundant information that is presented to the detection algorithm resulting in a substantially smaller search space. This can increase the performance of the detection algorithm both in terms accuracy and speed.


This sensor fusion was tried and tested using standard machine vision cameras and a LiDAR laser measurement system (SICK LMS 200). LiDAR sensors measure range using the time-of-flight principle (see figure 1). A light pulse emitted for a defined length of time is reflected off a target object and received via the same path along which it was sent. Because light travels with constant velocity, the time interval between emission and detection is proportional to the distance to the point of reflection.


The SICK LMS 200 adopts these principles. Using a rotating mirror (figure 1) the scanner sweeps a light beam through an angle of 180 degrees with an angular resolution of 0.25 degrees. For each angle a distance to the point of reflection is recorded within a resolution of 1mm and a maximum distance of 8.192 metres or within a resolution 10 mm and a maximum distance of 81.92 metres. A two dimensional measurement plane in front of the scanner is defined by this sweeping action.
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Figure 1 – Time of flight measurement with the LMS 200
Objects that lie in the scanning plane give rise to local minima in the scan data which can be easily identified. Each of these local minima are represented by a two dimensional coordinate on the scanning plane. A plane projective transformation of these points onto the image plane gives a location in the image for the obstacles in front of the LiDAR scanner and the camera.


The rest of the paper is structured as follows. Section 2 describes the estimation of the LiDAR to image plane homography. Identification of local minima in the LiDAR data is also discussed. Section 3 describes the results obtained and a discussion of some of the error in the system. Section 4 concludes the paper.

2
Methodology
The experimental setup consisted of the LiDAR unit and a camera above it mounted on a small tram which moved back and forth on a straight planar track. The length of the track was approximately 8 metres. Objects were placed in front of the tram when it was static on the track and also as it moved along the track. The objects were detected by the LiDAR scanner by identifying local minima and the corresponding image location was computed.
a) Identifying objects in the LiDAR data
The LiDAR scanner computes for every angle theta between 0-180 degrees a distance to the point of reflection. Converting this data to Cartesian coordinates gives an accurate depth map for the LiDAR scan plane (see figure 2).
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Objects in front of the lidar unit give rise to local minima in the scan data which can be easily identified by examining the variation of the scan data in the Z (longitudinal) direction (see figure 3).
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All the local minima shown in figure 3 above lie in the scanning plane which is at a fixed orientation (approximately 90 degrees) with respect to the camera image plane. Their image coordinates can be obtained by estimating the homography from the scanning plane to image plane.
b) Estimating the plane projective transformation

In order to calculate the image coordinates of the local minima, the projectivity from scanning plane to image plane had to be estimated (see figure 4).
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Since the projection is from plane to plane a minimum of 4 reference points are needed (8 degrees of freedom). Scanning plane reference points were identified by intersecting the plane with tailor made objects and recovering their position from local minima in the scan data. These positions are accurate up to 1 mm. The objects were also clearly marked where the scanning plane intersected them so the image reference points could be easily identified. Due to errors in both the scanning plane reference points and the corresponding image plane reference points an over determined approximate solution to the homography, 
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, was required. A total of 19 reference points were used when calculating the solution. Each point correspondence gives rise to two equations in the entries of 
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. A total of 38 equations are used to build a matrix of equation coefficients 
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 with least eigenvalue. Once the homography has been calculated image plane points of the local minima in the LiDAR scan are computed as 
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3
Results

Experiments were carried out using a static unit and static objects (see figure 5), a moving unit and static objects (see figure 6 and 7) and a moving unit and moving objects (see figure 8). Objects are identified in the LiDAR scan as outlined in 2(a) above and projected onto the image plane using the homography H.
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The results presented above are somewhat preliminary and acquired in a controlled environment. However a significant amount of error is present in the system. Because sensors are being fused error has more than one source. The projectivity assumes a linear camera model so radial lens distortion has not been accounted for. Inaccuracies up to 1mm are present in the world reference points used to estimate the homography [ref]. These are also present when the system is in operation, identifying local minima in the scan data. A minimum resolution of one pixel was available in finding the image reference points used in estimating the homography. This poses problems for world points that are substantially distanced from the camera.
4
Conclusion

A system for identifying obstacles in images for autonomous vehicles has been presented. The results demonstrate that such a system can complement obstacle recognition techniques that are currently under investigation. With some further processing of the image location computed from the LiDAR scanner, the obstacle can be completely segmented from the image and classified accordingly. The LiDAR scanner also provides obstacle scale information in the form of the distance the obstacle is from the unit. This further reduces the image search space. Further work will see the combining of existing obstacle recognition techniques with the LiDAR system and an analysis of performance improvements. This will include the acquisition of data in a more complex and typical environment. 
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Figure 2 Depth map for scene in front of LiDAR





Figure 3  LiDAR scan of scene on right with local minima 





Figure 4  Projection from LiDAR scan plane to image plane





Figure 5   Local minima in LiDAR scan and corresponding image points (static unit and static objects)





Figure 6   Local minima in LiDAR scan and corresponding image points (moving unit and static objects)





Figure 7   Local minima in LiDAR scan and corresponding image points (moving unit and static object)





Figure 8   Local minima in LiDAR scan and corresponding image points (moving unit and moving object)
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