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between the vehicle's wheels and the road lie). The transverse axis runs along the 

width of the vehicle 300, perpendicular to the longitudinal and vertical axes. 

Note, unless otherwise indicated, the term "absolute" herein is used herein to refer to 

5 orientation and locations within the environment in which the vehicle is travelling. 

That is, as defined relative to an (arbitrary) global coordinate system of a global 

frame of reference of the environment in which the vehicle moves. This can be 

defined as an inherent part of the SLAM process. This is the coordinate system in 

which the reconstructed vehicle path, the orientation of the image capture device 

IO within the environment (absolute orientation) and the surface reconstruction are 

defined. 

The term "relative" is used to refer to locations and orientations relative to the 

vehicle, that is, defined relative to a coordinate system of the vehicle, such as the 

15 coordinate system defined by the vehicle axes ar, al, av. 

With reference to Figure 9, the method does not require the orientation of camera 

302 to be perfectly aligned with the orientation of the training vehicle 300. Angular 

misalignment of the camera axes relative to the vehicle axes is acceptable, because 

20 this misalignment can be detected and accounted for using the techniques described 

below. 

25 

4) The angular orientation of the camera within the car - i.e., the angular offset 

between the camera's longitudinal axis ai' and the vehicle's longitudinal axis 

al (that is, the vehicle's longitudinal axis al as measured within a frame of 

reference of the image capture device, i.e. in a reference frame in which the 

image capture device's orientation remains fixed) - can be deduced 

automatically by using the fact that when the car drives straight the vector of 

motion of the car will be parallel to the car body (i.e. the vehicle's longitudinal 

30 axis) and thus the camera orientation relative to the car body can be 

calculated. This orientation is captured as the forward point of the camera, 

defined to be the pixel that the car appears to head towards when travelling in 
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a straight line (as noted above). 

It is not possible to rely on there being sections of the video where the car travels in 

a perfectly straight line. To overcome the fact that the car may never travel in a 

5 pertectly straight line the following approach is taken. 

Three equidistant points on the path are taken, the outer two are joined and this 

vector is used as an approximation of the forward direction at the central point This 

approach is continuously averaged weighted by the dot product of the vectors 

1 0 between the central point and the two outer points. Thus, times when the car is 

travelling nearly straight are weighted much more strongly than times when the car is 

turning. Using this method can produce sub-pixel accuracy. 

15 

This is illustrated in Figure 15. 

In other words, this exploits the observation that the vector difference Xt+l - xt_1 

lies (approximately) parallel to the vehicle's longitudinal axis aL when the vehicle 300 

is travelling in an (approximately) straight line, in order to estimate the angular offset 

of the camera 302 relative to the vehicle 300. This is captured in the weighted 

20 average by assigning greater weight to intervals of more linear (straight line) motion. 

Note that, strictly speaking, the vector difference Xt+ 1 - xt_1 lies approximately 

parallel to the vehicles longitudinal axis so long as the rate of turn is approximately 

constant (it doesn't actually require the vehicle to be travelling in a straight line). 

25 However the assumption of approximate constant rate of turn will be more likely to 

be true when the vehicle is more closely travelling in a straight line. 

The calculation is pertormed as a vector average, in which the vector that represents 

the average forward motion of the car as expressed in the camera coordinate 

30 system. This vector when projected forwards will cut the image plane at a specific 

pixel (the forward point pixel). This pixel is the point which the car would seem to be 

moving towards if it were driving on a perfectly straight and flat road (the "forward 

point" as that term is used herein). 
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By way of example, the forward direction of the vehicle can be computed as a 

weighted average of the vector difference between the longitudinal axes of the 

camera and vehicle respectively according to the equation 1 : 

Lt wL,tCXt+1 - Xt-1) 

Lt WL,t 

where wL,t = v 0 · v 1 as evaluated at time t. 

(1) 

The longitudinal vehicle axis ai at time t is assumed to lie parallel to the vector 

difference xt+1 - Xt-1 · 

Note that xt+i - Xt-i needs to be evaluated in the reference frame of the image 

capture device 302 in this context, in order to give meaningful results, i.e. in order for 

the weighted average of equation (i) to provide an accurate estimate of the direction 

of the vehicle's longitudinal axis ai relative to the camera's longitudinal axis a~. 

The SLAM process will derive absolute values for Xt+ 1 and xt-i, i.e. in the global 

coordinate system. However, the direction of the camera axes in the global 

coordinate system, i.e. the absolute orientation of the image capture device, at time 

t is also derived via the SLAM process itself, which can in turn be used to transform 

20 vectors in the global frame of reference into the frame of reference of the image 

capture device 302. 

The dot product v 0 • v 1 depends on the magnitude of the change in direction 

between t-1 and t+ 1, such that the smaller the change in the magnitude of direction, 

25 the greater weighting that is given to the measurement at time t. 

As noted above, strictly speaking, the vector difference Xt+1 - xt_1 lies 

approximately parallel to the vehicles longitudinal axis so long as the rate of turn is 

approximately constant (it doesn't actually require the vehicle to be travelling in a 

30 straight line). Therefore an alternative weighting scheme could be used in which the 

vector difference at each time is weighted according to the change in curvature 

exhibited in the vehicle path between t-1 and t+1. 
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Of course, typically the orientation of the vehicle's axes remains fixed in the image 

capture device's frame of reference as the vehicle moves, because the camera 302 

is expected to remain in an essentially fixed orientation relative to the vehicle 300 -

5 the time dependency in the above stems from the fact that the estimates of the 

vehicle and camera axes are not exact. 

Time t corresponds to a certain point on the camera path CP, and can be a time at 

which one of the images was captured or a time in between captured images, to 

1 o which a camera pose can be assigned by interpolation of the camera poses for 

different images. 

15 

In an alternative implementation, the offset between al and ai' could be represented 

as a pair of angles. 

With reference to Figure 10, once the angular orientation of the camera 302 relative 

to the vehicle 300 has been computed in this way, it is then possible to determine the 

orientation of the vehicle's longitudinal axis al at any point along the camera path 

CP (including when the vehicle is not travelling in a straight line), based on the 

20 orientation of the camera's longitudinal axis a;, at that point, which is known from the 

SLAM computations. 

5) The rotational orientation of the camera within the car - i.e. the rotational 

offset between the camera's vertical axis av' and the vehicle's vertical axis 

25 av (that is, the vehicle's vertical axis av as measured within a frame of 

reference of the image capture device) - can be automatically deduced by 

noting that most roads are locally flat and so when the car is in a turn, the 

vector that is perpendicular to the surface described by the camera path will 

point directly downwards from the camera to the road surface. In more detail, 

30 again three equidistant points on the path are taken (though again it is not 

essential for these point to be equidistant), the cross product of the two 

vectors from the centre to the two outer points is taken and that is 

continuously averaged weighted by the magnitude of the cross product. Thus, 
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times when the car is travelling in a curve are weighted more strongly than 

times when the car is travelling straight (at which point there is no information 

about the normal). 

5 This is illustrated in Figure 16. 

In other words, this exploits the observation that, when the vehicle is exhibiting 

angular acceleration such that the vehicle path exhibits local curvature in 3D space, 

the plane in which the curved portion of the vehicle path lies is at least approximately 

10 parallel to the plane of the road surface under normal driving conditions; or, 

equivalently, the normal to the locally curved portion of the path is at least 

approximately parallel to the vertical axis av of the vehicle 300. 

The average normal vector of the path expressed in camera coordinates. The plane 

15 that is perpendicular to this road surface normal vector can be intercepted with the 

image plane and this will provide a line across the image that would match the 

horizon if the car were driving along a perfectly straight and level road (the "horizon 

line" as that term is used herein). 

20 By way of example, the rotational orientation of the camera within the vehicle can be 

computed as a weighted average of the offset angle between the vertical axes of the 

camera and vehicle respectively according to the equation (2): 

25 

30 

where: 

Lt Wv,t v 0 X v1 

Lt Wv,t 

• wv,t = lv0 x v1 1 as evaluated at time t, 

(2) 

The vertical vehicle axis av at time t is assumed to lie parallel to the vector cross 

product v 0 x v 1 . 
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As above, v 0 x v 1 needs to be evaluated in the reference frame of the image capture 

device 302 in this context, in order to give meaningful results, i.e. in order for the 

weighted average of equation (s) to provide an accurate estimate of the direction of 

5 the vehicle's vertical axis av relative to the camera's longitudinal axis a~. As noted 

above, the absolute orientation of the image capture device as determined via the 

SLAM process can be used to transform vectors from the global frame of reference 

into the frame of reference of the image capture device. 

10 The magnitude of the cross-product lv0 x v1 1 increases as the constituent vectors 

move towards being perpendicular, as that is expected to yield the most accurate 

results. More generally they are weighted by a factor that increases as an offset 

angle a between those vectors tends towards ninety degrees, where lv0 x v 1 I = 
lvollv1 1 sin a. 

15 

As will be appreciated, many of the observations made above in relation to the 

angular orientation measurement also apply to the rotational orientation 

measurement. 

20 6) The height of the camera above the road (H) can be calculated by generating 

25 

a surface mesh of the road from the SLAM process (even though this is low 

accuracy) and then averaging the height of all points on the camera path 

above this mesh. The averaging across the whole path counteracts the poor 

accuracy of the mesh generated by the SLAM process. 

The height H at a given point on the camera path CP is defined the distance 

between a point on the camera path CP and the mesh along the vehicle's vertical 

axis av at that point. A reason the rotational orientation of the camera 302 within the 

vehicle 300 is needed is to determine where the vehicle's vertical axis lies at each 

30 point on the path so that the height estimation can be computed. This is illustrated in 

Figure 11, in which the reconstructed surface map is labelled SM. 
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7) The left to right position of the camera (S) within the lane and also the width of 

the lane (W) can be estimated by using various computer vision techniques to 

detect the lane boundaries. 

5 Detecting the lane edges is obviously a hard problem (and the whole purpose of 

generating this lane training data is to train a neural network to solve this problem). 

However, detecting lane edges in this specific case can be made into a significantly 

easier problem by virtue of having two additional pieces of information. Firstly, the 

known path of the camera (and thus shape of the lane) can be used to create a 

l O transform to effectively straighten out the road prior to doing any lane boundary 

detection. Secondly the positions at which to search for lane boundaries are 

significantly reduced because the centre line of the lane is (nearly) known from the 

camera path and lanes have widths that are relatively fixed. 

15 For example, the images can be projected into a top down view, transformed to 

straighten out the road (using the camera path information) and then a Hough 

transform can be used to detect dominant lines with the correct approximate position 

and orientation. 

20 The width of the road at each point on the camera path CP is defined as the distance 

between the detected lane boundaries along the transverse vehicle axis ar at that 

point. A reason the angular orientation of the camera 302 within the training vehicle 

300 is needed in addition to the rotational orientation is to determine where the 

vehicle's transverse axis ar lies in order to estimate W and C at each point along the 

25 path. This is also illustrated in Figure 11. 

30 

By exploiting all of the above, it is possible to fully automatically generate annotation 

of the lane driven by the car in all images of the video, using only images captured 

from a low-cost and un-calibrated image capture device. 

It is also desirable to extend these techniques to label multiple lanes. One way to do 

this is as follows: 
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8) Multiple lanes (and thus the entire road surface) can be automatically 

annotated by driving along each lane and creating a single 3D SLAM 

reconstruction that includes the paths for each lane. It is necessary to merge 

the separate videos of driving along each line into a single reconstruction in 

5 order to obtain relative positioning of the lanes and the entire road surface. 

Figure 17 shows an image of a SLAM reconstruction of camera positions moving 

through a point cloud world, where there are two sets of camera images. 

10 9) It is difficult to merge images from multiple videos into a single 3D 

reconstruction unless the camera images are all facing the same direction; i.e. 

it is not practical to merge videos of cars driving in opposite directions along 

the road into a single 3D reconstruction. One way to solve this is to drive in 

one direction with a forward-facing camera, and drive in the other direction (on 

15 the other lane) using a backwards-facing camera. This gives a single set of 

images all pointing in the same direction along the road. 

Extension - Human fixer Stage: 

20 The fully automated annotation system described produces usable annotation, 

however it is still subject to a number of errors than can be fixed up with very little 

effort by a human annotator. For example: 

• the calculated camera height may not be exactly correct 

• the left/right position within the lane may not be exactly right 

• the width of the lane may not be exactly right 

In addition to these fix ups for imperfect automatic calculations, there are some 

additional annotations that a human can add that are very low effort to add but 

30 provide significant benefit if they exist in the training data. For example: 

• Adjacent lanes can be added (without having to drive these lanes). They 

are easy to add because adjacent lanes generally have parallel 

boundaries to the lane that the car has driven. 
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• Non-drivable parallel road features can be added. Regions of the road 

reserved for cycles or buses/taxies can be added simply (again they are 

generally just parallel regions of the ground that follow the driven lane). 

• Regions of pavement adjacent to the road can be added. 

5 

1 0)A tool with a simple user interface has been developed that allows a human 

annotator to make these 'fix ups' and also add these additional annotations. 

The major benefit of this tool is that the fix ups and additional annotations can 

be made in one frame of the video and the system can automatically 

IO propagate these changes through all the frames in the video. 

This efficient saving stems from the fact that the user can adapt the 3D road 

model (via the model adaptation component 410) using one frame and its 

annotation data as a reference, and the fact that the adapted 3D road model can 

15 in turn can be applied to multiple images. 

Note also, that the technology is not limited to manual adjustment of 

automatically generated road/lane models. Any object in the world that is 

stationary can be marked and that object's position in each image of the video 

20 can be calculated (since the motion of the camera is known). 

In this way one frame of video with already pre-populated nearly correct 

annotations can be provided to a human and with minimal fix up they can 

generate circa 50-100 well annotated images. It would be possible to generate 

25 even more images if longer fragments of video were used, but in our experience, 

the length of video that it is convenient to 3D reconstruct and is also reasonably 

similar in its construction is sufficient to contain 50-100 images. 

30 11) Note that the images that are used as training data are sampled from the 

whole video such that they are spaced a reasonable distance apart in space 

(not time) to provide some diversity of training data for the networks. There is 

little benefit in taking every image from the video as most of them are very 

similar to each other. 
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Figure 6 shows a schematic block diagram that illustrates an example of the types of 

adjustment that can be performed at the human fixer stage. The rendering 

component can render data of any one of the captured images on a display of the 

5 user interface 412, overlaid with its associated annotation data A(n). One or more 

selectable options 600 are also rendered, which a user can select in order to cause 

the model adaptation component 410 to adapt the 3D road model 602, in a fast and 

intuitive manner. As indicated in Figure 6, as the road model 602 is updated, not 

only is the annotation data A(n) that is currently being rendered modified in 

10 accordance with the adapted model 602, but the adapted model 602 can also be 

used to update the annotation data 604 for other images in the same video 

sequence. By way of example, the top part of Figure 6 shows a marked road or lane 

within an image. Although the right-hand side boundary R2 accurately coincides 

with a real-world right-side boundary visible in the image, the left-side boundary R1 

15 is slightly off. The user can fix this quickly by shifting the position of the left-side 

boundary in the 3D model, using the current image and the annotation data rendered 

on the current image as a reference to manually adapt the location of the left-side 

boundary R2 until it corresponds with a real-world left-side boundary visible in the 

image. This change will apply across multiple images in the sequence, meaning that 

20 the left-side road boundary will be accurately placed in those images for as long as 

the road/lane remains the same width. 

The fact that much of the road structure of interest lies parallel to the vehicle path is 

exploited to provide a range of extremely quick manual annotation options: 

25 - The width or location of the automatically-determined road structure can 

easily be changed ("nudging"); 

- Additional road structure that lies parallel to the vehicle path/automatically 

determined road can easily be created, and its width and location can be 

easily nudged in the same way. The additional road structure is oriented 

30 parallel to the vehicle path/existing road structure automatically. For example, 

the automatically determined road structure may be an "ego lane", i.e. the 

lane along with the vehicle drives. Additional structure can very easily be 

added accross multiple images such as: 
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o other lanes, e.g. non-ego lanes, bus lanes, cycle lanes, central or 

left/right road markings, or any other parallel road markings, non­

drivable areas such as pavements, grass, barriers, roadside growth 

(trees, hedges etc.) 

5 - Perpendicular road structure, i.e. extending perpendicular to the automatically 

determined road structure/vehicle path, can also be added very easily, and its 

width and location can be nudged in the same way. Examples include 

junctions, give-way lines or other perpendicular road marking's etc., or other 

structure at an assumed angle from the path (e.g. branching points in the 

10 road). 

- Changes in the width of the road, e.g. due to the number of lanes changing, 

can be accommodated by allowing the user to "split" the video sequence at a 

point of his/her choosing. After a split point the video, the user's adaptations 

will only be applied to the 3D road model at points after the split points - the 

15 parts of the model preceding the split point will remain unchanged, which in 

turn means the annotation data for the images before the split point remains 

unchanged. 

By way of example, the following workflow is considered. The user starts at the 

20 beginning of a training sequence. The 3D ego-lane has been automatically 

determined using the techniques above. Moreover, the locations of the centre and 

left/right lane markers have been determined, by assuming these are of a certain 

width and lie at the centre and far right/far left of the ego lane. At tis point the user 

can adapt the ego lane width and position, and also the width and position of the 

25 road markings if necessary, to align them with the actual ego lane/road markings 

visible in the image. The user can also add additional parallel structure at this point, 

such as non-ego lanes, non-driveable areas etc. 

An example of an automatically annotated image, pre-fix up is shown in Figure 18, in 

30 which only the ego lane (and its assumed centre line and lane boundaries) are 

marked. As can be seen, the markings do not exactly line with the actual lane 

boundaries. Figure 19 shown the image after a fix up, where the width and position 

of the ego-lane has been adjusted, and the other lanes and non-drivable regions 

have been marked. 
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These changes are applied to the underlying 3D model, hence will also be applied to 

the subsequent images in the sequence. The user can then cycle through the 

following images, quickly verifying that everything still matches up. 

When the user gets to a point in the video at which a junction is clearly visible in one 

of the images s/he can add a junction structure at that point, and nudge its 

location/width as needed. Again, this is applied to the 3D model, therefore will apply 

to all of the images in which the junction is visible. Non-drivable road structure at the 

10 edges of the road will be automatically adapted to accommodate the parallel junction 

(i.e. any part of the non-drivable road structure that overlaps with the new junction 

will be removed automatically). 

An example of the UI when a junction has just been added is shown in Figure 22. 

15 The user has defined the junction as cutting through the left and right lanes, 

perpendicular to the lanes. 

With reference to Figure 12, when the user gets to a point in the video at which the 

road/lane width changes (e.g. lane narrows/widens, the number of lanes changes or 

20 is reduced etc.), s/he can split the video at that point and modify the underlying 

model using that frame as a reference (step 1, Figure 12). The location of the 

current video frame is mapped to a point on the vehicle path, which in turn is used to 

restrict adaptations of the 3D model to the part of the model after that point only -

points before that (where the user has already verified that the annotations match 

25 the images) are unaffected. At this point, the user can change the road width, add a 

lane etc. The system is capable of automatically interpolating parallel structure 

around split points, e.g. linearly interpolating. For example, when adding a lane, 

typically the road will gradually widen until it is able to accommodate the new lane, 

the user can go forward into the video to the point at which the new lane reaches its 

30 full width, and add the lane at that point (step 2, Figure 12). The system 

automatically interpolates between the intermediate region, in which the width of the 

new lane is assumed to increase linearly until reaching its final width (for example) -

step 3, Figure 12. 
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Figures 23 and 24 show an example of this. in Figure 23, the user has selected the 

option to split the video shortly after the junction of Figure 22, to accommodate the 

fact that there is now a wider non-drivable region of road on the right hand side, 

which the user has annotated accordingly in Figure 24. 

As an extension, the user can also mark an area of sky in the images. This can be a 

simple case of the user defining a sky line, above which all of the images are 

definitely sky. Even though this will not label all of the sky in the images, this can still 

be useful in preventing the trained neural network from identifying sky as road 

10 structure. More sophisticated techniques could use the 3D road structure to infer a 

sky line in each image, e.g. based on the highest point of the road in 3D space. 

Extensions beyond lane training data: 

15 Any feature in the video that is parallel to the path followed can benefit from the 

same speed up in annotation and single click addition by the human annotator. 

12)For example, the road markings can be annotated in this way. Both in position 

and type. Including centre dashed or solid lines, road edge lines, double 

20 yellow lines etc. For example, cycle lanes can be added in this way, as can 

pavements. 

25 

Figure 20 shows an example of an image in which a cycle lane is marked, to the left­

hand side. 

Any feature in the video stationary in the world can benefit from some level of speed 

up. Even if they cannot directly be created as a result of their shape being parallel to 

the path driven, they can still benefit from the fact that they can be marked up by a 

human in one frame of the video and automatically propagated through to all frames 

30 of the video. 

13)For example, road signs can be annotated in this way. The sign can be 

specifically marked out by a human in one frame (with or without any initial 

52 



WO 2019/175286 PCT/EP2019/056356 

hint provided by a poor-quality detection) and then automatically propagated 

though the entire set of images in the video. 

Annotation for stationary vehicles can be generated in this same way. Although the 

5 technique does not automatically allow annotation of moving objects to be sped up in 

the same way, the technique can be used for parked vehicles. Thus, allowing a 

subset of vehicles in the scene to be annotated with minimal effort. Moving vehicles 

could be annotated by marking the same object in multiple (at least two) images and 

assuming constant speed in-between the annotations. Then the label can be 

10 propagated to all images in-between the annotated ones. 

15 

14)Note that vehicles that are stationary look just the same as vehicles that are 

moving, so a neural network trained on annotated images of stationary 

vehicles, can be used at run time to detect moving vehicles. 

Figure 21 shown an image in which a 3D bounding box of a vehicle is being added. 

Another benefit of this technique is that the human can choose to annotate an object 

in an image in the video when the camera is close to it (i.e. when the object is large). 

20 This accurate annotation is then propagated to all images even when the object is 

small within the image. 

15)Since there is a 3D model underlying the whole sequence of images in the 

video, then annotations automatically generated when the object is more 

25 distant from the camera will have the accuracy of annotation when the object 

was large and annotated by a human. This can often be more accurate than 

could be achieved by a human trying to annotate the small image of the 

object. 

30 

Use Case Examples: 

The trained road detection component 1 02 has a number of useful applications 

within an autonomous vehicle 200. 

53 



WO 2019/175286 PCT/EP2019/056356 

The ability of the trained road detection component 102 to identify road structure 

within captured images based on machine vision can be used in combination with 

predetermined road map data. Predetermined road map data refers to data or a 

5 road map or maps that have been created in advance, of the kind currently used in 

GPS-based navigation units (such as smartphones or "satnavs") and the like. 

One such application is localization, where road structure identified by the trained 

road detection component 102 can be used to more accurately pinpoint the vehicle's 

JO location on a road map. This works by matching the road structure identified via 

machine vision with corresponding road structure of the predetermined map. The 

location of the autonomous vehicle 200 relative to the identified road structure can 

be determined in three-dimensions using a pair of stereoscopically arranged image 

capture devices, for example, which in tum can be used to determine the location of 

15 the autonomous vehicle on the road map relative to the corresponding road structure 

on the map. 

Another such application merges the visually-identified road structure with 

corresponding road structure of the road map. For example, the road map could be 

20 used to resolve uncertainty about visual road structure detected in the images (e.g. 

distant or somewhat obscured visual structure). By merging the roadmap with the 

uncertain visual structure, the confidence of the structure detection can be 

increased. 

25 Experiments and Statistics 

Table 1 provides a comparison of the method of this disclosure with prior art 

benchmarks, identified in the References section below. 
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Table 1. Comparison of the available datasets. Label time per image is 
only shown if provided by the authors. 

#labeled img. road ego lane label time 
Name Year frames #videos seq. area lane instances per img. 

Caltech Lanes (18] 2008 1,224 4 ✓ ✓6 ✓ 
CamVid '5] 2008 701 4 ✓ ✓ 20 min 
Yotta {1 2012 86 1 ✓ ✓ 
Daimler USD (16] 2013 500 ✓" 
KITTI-Road [17) 2013 600 ✓ ✓ 
Cityscapes (6] (fine) 2016 5,000 - ✓a. ✓ 90 min 
Cityscapes [6] (coarse) 2016 20,000 - ✓a. ✓ 7 min 
Mapillary Vistas [7] 2017 20,000 ✓ 94 min 
'I\JSimple (19] 2017 3,626 3,626 ✓(I. ✓,, ✓ ✓d 

Our LanGs 2018 23,980 402 ✓ ✓ ✓ ✓ 5 sec 

a Only single images are annotated, but additional (non-annotated) image 
sequences a,re provided. 

b Road area is implicitly annotated by the given lanes. 

r: Annotated ground instead of road, i.e. it includes non-driva.ble area. 
d Limited to three instances: ego-lane and left/right of ego-la.ne. 

4 Dataset Statistics and Split 

The method has been tested on a data set ("present dataset") which includes 402 

sequences, 23,979 images in total, and thus on average 60 images per sequence. 

5 Table 2(a) shows a breakdown of the included annotation types. In total, there were 

47,497 lane instances annotated, i.e. 118.2 per sequence. Instance IDs are 

consistent across a sequence, i.e. consecutive frames will use the same instance ID 

for the same lane. Furthermore, the annotators were instructed to categorise each 

sequence according the scene type: urban, highway or rural. The breakdown of the 

10 sequences is shown in Table 2(b). 
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1:able 2, l.ataset breakdown according acme type (a) and annotation awerap (b}. 
Coverage of eoem types and imtanoes is measured as percentage of the total number 
of sequences, while the co..-eraae of annotations is measured u percentage of the total 
number of piXAllt. 

Scene type ---Urban 58.61% 
Highway 10.56% 
Rural 30.83% 

(a) 

Annotation type 

annotation density 
non-road 
road 
ero-lane 

77.53% 
62.13% 
16.40% 
8.84% 

mea.n/median/min/r:nax ___________ , ____ , 
.ff instances (per sequence) 2.2/2/1/6 

(b) 

The data was split into two sets, for training and testing. The train set comprises 360 

sequences and a total of 21,355 frames, while the test set includes 42 sequences 

and 2,624 frames. The test set was selected to include the same 

5 urban/motorway/rural distribution as the train set. The frames of the training set are 

made available with both images and annotations while only the images are provided 

for the testing set. 

Furthermore, the average annotation time per scene type has been measured, and it 

has been found that there is a large variation, with an urban scene taking roughly 

IO three times longer than a highway or countryside scene of similar length (see Table 

3). This is due to the varying complexity in terms of the road layout, which is caused 

by various factors: the frequency of junctions and side roads, overall complexity of 

lane structure and additional features such as traffic islands and cycle lanes that are 

typically not found outside of an urban setting. 

15 The annotation quality is measured through agreement between the two annotators 

on twelve randomly selected sequences. 84.3% of the pixels have been given a label 

by at least 1 annotator, with 67.3% of these being given an annotation by both 

annotators; i.e. 56.8% of all pixels were given an annotation by both annotators. The 

agreement on these overlapping labels is measured via Intersection-over-Union 
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(loU). The results are shown in Table 4. The standard deviation is calculated over 

the 12 sequences. 

Table 8, Measured average amotation time in aeconds. 

Soene type Urban Hiihway Rural 

Per sequonoe 361 100 140 
Per bnege 5 2 2 

Tobie 4. A,greermnt. of the annotators met\.surcd by IoU. 

Tatik. IoU std 
" _,,, __ ,,w,,_,,~,-••------

&ad v.s non-road 97.2 ± 1.5 
Ego--Lane vs road va oon-road 94.3 ± 3.4 --.,-··-··---~-----... --,---

APG50 AP 

Lane instance segment&.tion 99.0 84.4 ---·------

5 Experiments 

To demonstrate the results achievable using the present annotation method, 

evaluation procedures, models and results are provided for two example tasks: 

Semantic Segmentation and Instance Segmentation. 

10 5.1 Road and Ego-Lane Segmentation 

The labels and data described in 3.2 directly allow for two segmentation tasks: 

Road/Non-Road detection and Ego/Non-Ego/Non-Road lane detection. The well­

studied SegNet [29] model was used as a baseline, trained separately for both the 

Ego and Road experiments. 
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When training on the present dataset's training data, all available training data was 

randomly split by sequence into a training and validation set, randomly selecting 

10% of the available training batches as a validation set. During training, each input 

image was reprocessed by resizing it to have a height of 330px and extracting a 

5 random crop of 320x320px; the crops were selected randomly each time an image 

was selected to be involved in a minibatch. To train the SegNet models, ADAM was 

used with a learning rate of 0.001 which is decayed to 0.0005 after 25000 steps and 

then to 0.0001 after 50000 steps. The training was performed for 100,000 training 

steps, reporting results on the model which converges on the validation set. A mini 

10 batch size of two was used and the optimisation was performed on a per pixel cross 

entropy loss. 

For evaluation, a number of SegNet models were trained following the above 

configuration. Models were trained on the training set, Cityscapes coarse, Mapillary 

and KITTI Lanes. A Road/Non-Road model was trained for all datasets, but 

15 Ego/Non-Ego/Non-Road was trained for the UM portion of KITTI Lanes and the 

present dataset. 

For each model the loU and the Fl score are provided. Each model is measured on 

held out data from every dataset. For Cityscapes and Mapillary the held out set is 

the pre-defined validation set of both datasets, for the present dataset the held out 

20 set is the corresponding test set. The exception to this scheme is KITTI Lanes which 

has no available annotated held out set and reducing KITTFs size further by holding 

out a validation set would reduce the size of an already small dataset making results 

more difficult to interpret. Therefore, the entire KITTI training set is targeted by 

models Mapillary and Cityscapes. loU and Fl are measured for each class for each 

25 task and an average across classes for each task is provided. These results can be 

seen in Tables 5 and 6. 

Before analysing these results it should be noted that these evaluations are not 

directly comparable to the intended evaluation of Cityscapes, Mapillary or KITTI 

Lanes due to the present treatment of Lane and Road underneath cars on the road. 
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Also to achieve the results reported below on a model trained on the present dataset 

alone, the car hood and ornament had to be cropped out of the Cityscapes 

validation set. All the numbers reported against the Cityscapes validation set have 

had this processing applied. Without this processing Mapillary's loU on Cityscapes 

5 drops by 2% and the present loU falls to 56%. 

This notwithstanding, a clear trend can be observed between the datasets. Firstly, it 

should be noted that the highest loUs achieved in the experimental setup came from 

models trained on the same data they were being evaluated against. This points to 

an overall generalisation issue in vision datasets, no dataset performs as well on out 

10 of dataset data as compared to within dataset data. 

The rest of the analysis concerns the results achieved by models trained on data 

outside the target evaluation dataset (i.e. the off diagonals in the results tables). The 

least populous dataset KITTI Lanes2 achieves the worst loU across all tasks. 

Cityscapes is the next largest dataset3 and achieves the next highest loU across 

15 most tasks and finally Mapillary, the dataset most similar in size to the present 

dataset, achieves the next highest loU while still performing significantly worse than 

the present methods own across all tasks. 

5.2 Lane Instance Segmentation 

The annotation of multiple distinct lanes per image, the number of which is variable 

20 across images and potentially sequences, naturally suggests an instance 

segmentation task against the present dataset. Though it has been postulated that 

"Stuff" is uncountable and therefore doesn't have instances, this lane instance 

segmentation task os presented as a counter example. Indeed it would seem many 

stuff-like classes (parking spaces, lanes in a swimming pool, fields in satellite 

25 imagery) can have meaningful delineations and therefore instances applied. 

Providing a useful baseline for this lane instance segmentation task presents its own 

challenges. The current state of the art for instance segmentation on Cityscapes is 
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MaskRCNN [32]. This approach is based on the RCNN object detector and is 

therefore optimised for the detection of compact objects which fit inside broadly non 

overlapping bounding boxes, traditionally called "Things". In the case of lanes 

detected in the perspective view, a bounding box for any given lane greatly overlaps 

5 neighbouring lanes, making the task potentially challenging for standard bounding 

boxes. This becomes more apparent when the road undergoes even a slight curve in 

which case the bounding boxes are almost on top of on another even though the 

instance pixels are quite disjoint. Recently, a few works have explored an alternative 

approach to RCNN based algorithms which use pixel embeddings to perform 

10 instance segmentation [33-36]; a baseline for the present dataset is provided using 

pixel embeddings. 

Specifically, a model was trained based on [33], adopting their approach of learning 

per pixel embeddings whose value is optimised such that pixels within the same 

training instance are given similar embeddings, while the mean embedding of 

15 separate instances are simultaneously pushed apart. A cost function which learns 

such pixel embeddings can be written down exactly and is presented in Equations 1-

4 of [33]. For comparison, the the same hyper parameters reported in that work 

were used. This loss was imposed as an extra output of a Road/Non-Road SegNet 

model trained alongside the segmentation task from scratch. 

At run time a variant of the approach proposed by [33] was followed, predicting an 

embedding per pixel. The prediction of Road was used to filter away pixels which are 

not likely to be lanes. Pixels were then uniformly sampled in the road area and their 

embeddings were clustered using the Mean Shift [37] algorithm, identifying the 

centres of the detected lane instances. Finally, all pixels in the road area are 

25 assigned to a single lane instance using the Euclidean distance. 

To evaluate the lane instances the AP measures were used calculated as per the 

MS-COCO instance segmentation task. Specifically: calculate the average precision 

across images and across loU thresholds of detected lanes (pixels assigned to 

embedding cluster centroids) and ground truth lanes. A detection is a true positive 
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when it overlaps a ground truth instance with an ioU above some threshold. A 

ground truth is a false negative when it has no lanes assigned to it in this way and a 

detection is a false positive when it does not sufficiently overlap any ground truth 

instance. Using these definitions, an average precision at 50% loU and an average 

5 AP across multiple thresholds from 50% to 95% in increments of 5% was obtained 

as set out in Table 7. The present approach does not provide a score for any given 

lane instance detection instead lane detections are ordered by their size, choosing to 

assign larger lane instances to ground truths before smaller ones. 

Table IS. Results br the Roa.d/Non-Rof.d task, rm,l.\·:11m,d by IoU and Fl score. The 
training/test setup of each number ia described in the t.:.h!e. 

'frained On 
Ours Mapilldty GityScapes KrITI IoU 

""'-;·•··-•'1•--,--
~ Our 'n!st Set 0.i~50 0.8M 0.732 0.710 
~ Mapilla.ry Val 0.829 0.900 0.790 0.696 
.Z CityScapm Val 0.852 0.852 0.900 0.604 
~ KITTI Lanes 1ra.in 0.838 0.726 0.746 ____ ., ______ ,_, _ __,;... ______________ , 

Average ~!,th~ut ~~!1~:.~0 ····-··o.s1,_1 ___ 0._15_s ___ o_.6_70 __ 

TrAiBeClOn 
Omo Mapillary CityScapes KITTI 

fi'l 
-----=-•-~w~~WITT-"7) .. ~mw,;,z11,;wiiwi1wJ¥,mM""' __________ _ 

8 Our 'fist Set 0.97, 0.919 0.837 0.816 
,c, Mapillary Val 0.90-i 0.947 0.883 0.810 
S CityScapas Val 0.919 0.919 0.947 0.740 
~ KITTI Lanm 1rab1 0.909 0.835 0.848 

_____ A_v_a-_ag_e_W_it_hou_t_se_lf..;..I0_.9_1_1 ___ ~_0_ .. s_s_e __ o_._76_8 __ 

'Iab)e 6. Resului i>r the Ego/Non-Ego/Non-Road task, measured by loU and Fl score. 
The training/ test 8etup of each number is deacribed in the table. 

loU Trained On Fl 'nained On 
OutS KITfl Ottrs KI'ITI 

_i_O_ur_Tes_t_Se_t_l~' ~ur-''rJe£-;t-S-;1-tl0-.9-3_7_0.-483-
~ KlTI'I Train 0.612 - 8 KIT11 Trai 0.726-
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'Tub)e 7. Reeultis for lane imtance eegmentatioll 

Metric Sooni 

AP 0.250 
APO50 0.507 

PCT/EP2019/056356 

The initial presented experiments show promising generalisation results across 

datasets. 

Extensions of the disclosed techniques include the following: 

5 (1) Annotations of many other object classes of the static road layout are not 

included, like buildings, traffic signs and traffic lights. 

(2) All annotated lanes are parallel to the future driven path, thus currently lane splits 

and perpendicular lanes (e.g. at junctions) have been excluded. 

(3) Positions of dynamic objects, like vehicles, pedestrians and cyclists, may be 

10 included. In future work, those limitations could be addressed by adding further 

annotations of different objects in 3D. 

Non-parallel lanes could be handled by extending the annotator tool to allow for 

variable angles for the lanes in the road plane. Furthermore, the position of dynamic 

objects could be estimated by including additional modalities, like stereo vision or 

15 lidar. 
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ANNEX A 

Algorithm l Automated ego-lane estimation 
1: Measure height of the camera above road h ___ ,..,,.-,_., ___ _ 

2: Apply OpenSFM to get c,,~ 
3: Estimate road no1·mal n according Eq. (3) 
4: Estimate forward direction f according Eq. (5) 
5: Derive vector across road r according Eq. ( 4) 
G: Set wi111' = ½tu and wright= -½w, where w is the default lane width 
7: Derive border points h!e/t; b:isht according Eq. {l) 
8: for ee.clt frame i do 
0: Get all future border points S~•/t, f,;i,ht, j > i tict:o;·ding Eq, (2) 

7 0: Draw polygons with edges f,~•J•, b;igM 1 i>;1f', h;".f.I 
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Claims 

1. A method of annotating road scene images, the method comprising 

implementing, at an image processing system, the following steps: 

5 receiving a time sequence of two dimensional images as captured by an 

image capture device of a travelling vehicle; 

processing the images to reconstruct, in three-dimensional space, a path 

travelled by the vehicle; 

using the reconstructed vehicle path to determine expected road structure 

10 extending along the reconstructed vehicle path; and 

15 

generating road annotation data for marking at least one of the images with 

an expected road structure location, by performing a geometric projection of the 

expected road structure in three-dimensional space onto a two-dimensional plane of 

that image. 

2. A method according to claim 1, wherein the step of using the reconstructed 

vehicle path to determine the expected road structure comprises determining an 

expected road structure boundary, defined as a curve in three-dimensional space 

running parallel to the reconstructed vehicle path, wherein the road annotation data 

20 is for marking the location of the expected road structure boundary in the image. 

25 

3. A method according to claim 1 or 2, wherein the expected road structure 

location in that image is determined from the path travelled by the vehicle after that 

image was captured. 

4. A method according to claim 1, 2 or 3, wherein the expected road structure 

location in that image is determined from the path travelled by the vehicle before that 

image was captured. 

30 5. A method according to any preceding claim, wherein the annotated road 

images are for use in training an automatic road detection component for an 

autonomous vehicle. 

6. A method of measuring a relative angular orientation of an image capture 
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device within a vehicle, the method comprising implementing, at an image 

processing system, the following steps: 

receiving a time sequence of two dimensional images as captured by the 

image capture device of the vehicle; 

5 processing the images to reconstruct, in three-dimensional space, a path 

travelled by the vehicle, and to estimate an absolute angular orientation of the image 

capture device, for at least one reference point on the reconstructed path; 

determining a forward direction vector defined as a vector separation between 

a point before the reference point on the reconstructed path and a point after the 

10 reference point on the reconstructed path; 

using the forward direction vector and the absolute angular orientation of the 

image capture device determined for the reference point to determine an estimated 

angular orientation of the image capture device relative to the vehicle. 

15 7. A method according to claim 6, wherein an absolute angular orientation is 

determined for the image capture device for multiple reference points on the 

reconstructed path in the processing step and the determining and using steps are 

performed for each of the reference points to determine an estimated angular 

orientation of the image capture device relative to the vehicle for each of the 

reference points, and wherein the method further comprises a step of determining an 

average of the relative image capture device angular orientations. 

8. A method according to claim 7, wherein the average is a weighted average. 

9. A method according to claim 8, wherein each of the relative image capture 

device angular orientations is weighted in dependence on a change in direction 

exhibited in the path between the earlier reference point and later reference point 

10. A method according to claim 9, further comprising steps of: 

30 determining a first separation vector between the reference point and the 

point before the reference point on the reconstructed path; and 

determining a second separation vector between the reference point and the 

point after the reference point on the reconstructed path; 

67 



WO 2019/175286 PCT/EP2019/056356 

wherein each of the relative image capture device angular orientations is 

weighted according to a vector dot product of the first and second separation 

vectors. 

5 11. A method according to any of claims 6 to 10, wherein the estimated angular 

orientation of the image capture device relative to the vehicle is in the form of an 

estimated longitudinal axis of the vehicle in a frame of reference of the image 

capture device. 

10 12. A method according to any of claims 6 to 11 , wherein the reference point or 

each reference point is equidistant from the point before it and the point after it. 

13. A method according to any of claims 6 to 12, wherein the estimated angular 

orientation of the image capture device relative to the vehicle is used, together with 

15 an estimate of an angular orientation of the image capture device at another point on 

the path, to determine an estimate of an absolute angular orientation of the vehicle at 

the other point on the path. 

14. A method according to claim 13, wherein a three dimensional surface map is 

20 created in processing the captured images, wherein the absolute angular orientation 

of the vehicle at the other point on the path is used to determine a distance, along an 

axis of the vehicle at that point, between two points on the three dimensional surface 

map. 

25 15. A method according to claim 13, wherein a three dimensional surtace map is 

created in processing the captured images, wherein the absolute angular orientation 

of the vehicle at the other point on the path is used to determine a distance, along an 

axis of the vehicle at that point, between the image capture device and a point on the 

three dimensional surface map. 

30 

16. A method of measuring a relative rotational orientation of an image capture 

device within a vehicle, the method comprising implementing, at an image 

processing system, the following steps: 

receiving a time sequence of two dimensional images as captured by the 
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image capture device of the vehicle; 

processing the images to reconstruct, in three-dimensional space, a path 

travelled by the vehicle, and to estimate an absolute rotational orientation of the 

image capture device for at least one reference point on the reconstructed path; 

5 determining a first separation vector between the reference point and a point 

before the reference point on the reconstructed path; 

determining a second separation vector between the reference point and a 

point after the reference point on the reconstructed path; 

using the first and second separation vectors and the absolute rotational 

10 orientation of the image capture device determined for the reference point to 

determine an estimated rotational orientation of the image capture device relative to 

the vehicle. 

17. A method according to claim 16, comprising a step of determining a normal 

15 vector for the reference point, perpendicular to the first and second separation 

vectors, wherein the normal vector and the absolute rotational orientation are used to 

determine the estimated rotational orientation of the image capture device relative to 

the vehicle. 

20 18. A method according to claim 17, wherein the normal vector is determined by 

computing a vector cross product of the first and second separation vectors. 

19. A method according to any of claims 16 to 18, wherein an absolute rotational 

orientation is determined for the image capture device for multiple reference points 

25 on the reconstructed path in the processing step and the determining and using 

steps are pertormed for each of the reference points to determine an estimated 

rotational orientation of the image capture device relative to the vehicle for each of 

the reference points, and wherein the method further comprises a step of 

determining an average of the relative image capture device rotational orientations. 

30 

20. A method according to claim 19, wherein the average is a weighted average. 

21. A method according to claim 20, wherein the relative image capture device 

rotational orientation for each of the reference points is weighted in dependence on 
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an offset angle between the first and second separation vectors at that reference 

point. 

22. A method according to claims 18 and 21, wherein the relative image capture 

5 device rotational orientation is weighted in dependence on the magnitude of the 

vector cross product. 

23. A method according to claim 20, wherein the relative image capture device 

rotational orientation for each of the reference points is weighted in dependence on a 

10 change of curvature of the path between the point before the reference point and the 

point after it. 

24. A method according to any of claims 16 to 24, wherein the estimated 

rotational orientation of the image capture device relative to the vehicle is in the form 

15 of an estimated vertical axis of the vehicle in a frame of reference of the image 

cap tu re device. 

25. A method according to any of claims 16 to 25, wherein the estimated 

rotational orientation of the image capture device relative to the vehicle is used, 

20 together with an estimate of a rotational orientation of the image capture device at 

another point on the path, to determine an estimate of an absolute rotational 

orientation of the vehicle at the other point on the path. 

26. A method according to claim 25, wherein a three dimensional surface map is 

25 created in processing the captured images, wherein the absolute rotational 

orientation of the vehicle at the other point on the path is used to determine a 

distance, along an axis of the vehicle at that point, between two points on the three 

dimensional surface map. 

30 27. A method according to claim 25, wherein a three dimensional surface map is 

created in processing the captured images, wherein the absolute rotational 

orientation of the vehicle at the other point on the path is used to determine a 

distance, along an axis of the vehicle at that point, between the image capture 

device and a point on the three dimensional surface map. 
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28. An image annotation system comprising: 

an input configured to receive a sequence of two-dimensional images 

captured by an image capture device of vehicle; 

5 a modelling component configured to generate a three-dimensional structure 

model of an environment travelled by the vehicle whilst capturing the images; 

a path determination component configured to determine, for each of the 

captured images, a corresponding location and orientation of the image capture 

device within the environment when that image was captured; 

1 O an annotation component configured to generate two-dimensional image 

annotation data for marking regions of the images corresponding to the three­

dimensional structure model, by geometrically projecting the three-dimensional 

structure model onto an image plane of each image that is defined by the 

corresponding image capture device location and orientation; 

15 a rendering component configured to render at least one of the images and its 

two-dimensional image annotation data via a user interface; and 

a model adaptation component configured to adapt the three-dimensional 

structure model according to instructions received via the user intertace, wherein the 

annotation component is configured to modify the two-dimensional image annotation 

20 data for each of the captured images based on the adapted three-dimensional 

structure model, and the rendering component is configured to render the modified 

annotation data for the at least one image via the user interface, thereby allowing a 

user to effect modifications of the two-dimensional image annotation data for multiple 

captured images simultaneously, using the at least one image and its two­

dimensional image annotation data as a reference. 

30 

29. An image annotation system according to claim 28, wherein the path 

determination component is configured to determine the image capture locations and 

orientations by processing the sequence of captured images. 

30. An image annotation system according to claim 28 or 29, wherein modelling 

component is configured to determine an expected structure of the three­

dimensional structure model based on a path through the environment that is defined 

by the determined image capture device locations. 
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31. An image annotation system according to claim 30, wherein the expected 

structure runs parallel to the path defined by the image capture device locations. 

32. An image annotation system according any of claims 28 to 31, wherein the 

5 modelling component is configured to assign a label to at least one structure of the 

three-dimensional structure model, and the annotation component is configured to 

associate the label with corresponding regions marked in the images. 

33. An image annotation system according to claims 31 and 32, wherein the 

10 modelling component is configured to assign a parallel structure label to the 

expected parallel structure. 

34. An image annotation system according to claim 33, wherein the modelling 

component is configured to assign one of the following labels to the expected parallel 

15 structure: a road label, a lane label, a non-drivable label, an ego lane label, a non­

ego lane label, a cycle or bus lane label, a parallel road marking or boundary label. 

35. An image annotation system according to claim 30 or any claim dependent 

thereon, wherein the expected road structure extends perpendicular to the path 

20 defined by the image capture locations. 

25 

36. An image annotation system according to claim 35, wherein the modelling 

component is configured to assign a perpendicular structure label to the expected 

perpendicular structure. 

37. An image annotation system according to claim 36, wherein the modelling 

component is configured to assign a junction label, a perpendicular road marking or 

boundary label, a give-way line label to the expected perpendicular structure. 

30 38. An image annotation system according to any of claims 28 to 36, wherein the 

three-dimensional structure model has at least one structure created by a user via 

the user interface. 
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39. An image annotation system according to any of claims 28 to 38, wherein the 

three-dimensional structure model has at least one structure corresponding to 

stationary object. 

5 40. An image annotation system according to claims 38 and 39, wherein the 

structure corresponding to the stationary object is user-created. 

41 . An image annotation system according to any of claims 28 to 40, wherein the 

modelling component is configured to generate the three-dimensional structure 

1 0 model using one or more of the following reference parameters: a location of the 

image capture device relative to the vehicle, a orientation of the image capture 

device relative to the vehicle, a distance between two real-world elements as 

measured along an axis of the vehicle. 

15 42. An image annotation system according to claim 41, comprising a parameter 

computation component configured to estimate the one or more reference 

parameters by processing image data captured by the image capture device of the 

vehicle. 

20 43. An image annotation system according to claim 42 wherein the image data 

comprise image data of the captured sequence of images. 

44. An image annotation system according to any of claims 28 to 43, wherein the 

model adaptation component is configured create, in response to a parallel structure 

25 creation instruction received via the user interface, a new structure of the three 

dimensional structure model that is orientated parallel to at least one of: a path 

defined by the image capture device locations, and an existing structure of the three 

dimensional structure model, wherein the orientation of the new structure is 

determined automatically by the model adaptation component based on the 

30 orientation of the path or the existing structure. 

45. An image annotation system according to any of claims 28 to 44, wherein the 

model adaptation component is configured to adapt, in response to a parallel 
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structure adaptation instruction received via the user intertace, an existing parallel 

structure of the three dimensional structure model. 

46. An image annotation system according to claim 45, wherein the model 

5 adaptation component is configured to change the width of the existing parallel 

structure, or change the location of the existing parallel structure. 

47. An image annotation system according to claim 45, wherein the model 

adaptation component is configured to change the width of a second portion of the 

IO existing structure whilst keeping the width of a first portion of the parallel structure 

fixed. 

48. An image annotation system according to claim 47, wherein the model 

adaptation component is configured to interpolate an intermediate of the adapted 

15 structure between the first and second portions. 

49. A localization system for an autonomous vehicle, the localization system 

comprising: 

an image input configured to receive captured images from an image capture 

20 device of an autonomous vehicle; 

a road map input configured to receive a predetermined road map; 

a road detection component configured to process the captured images to 

identify road structure therein; and 

a localization component configured to determine a location of the 

25 autonomous vehicle on the road map, by matching the road structure identified in the 

images with corresponding road structure of the predetermined road map. 

50. A vehicle control system comprising the localization system of claim 49 and a 

vehicle control component configured to control the operation of the autonomous 

30 vehicle based on the determined vehicle location. 

51. A road structure detection system for an autonomous vehicle, the road 

structure detection system comprising: 
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an image input configured to receive captured images from an image capture 

device of an autonomous vehicle; 

a road map input configured to receive predetermined road map data; and 

a road detection component configured to process the captured images to 

5 identify road structure therein; 

wherein the road detection component is configured to merge the 

predetermined road map data with the road structure identified in the images. 

52. A vehicle control system comprising the road structure detection system of 

10 claim 51 and a vehicle control component configured to control the operation of the 

autonomous vehicle based on the merged data. 

53. A method of determining an estimated orientation of an image capture device 

relative to a vehicle, the method comprising: 

15 performing the steps of any of claims 6 to 15 to estimate the angular 

orientation of the image capture device within the vehicle; and 

performing the steps of any of claims 16 to 27 to estimate the rotational 

orientation of the image capture device within the vehicle; 

wherein the estimated orientation of the image capture device relative to the 

20 vehicle comprises the estimated rotational and angular orientations. 

54. A method according to claim 53, wherein the estimated orientation of the 

image capture device relative to the vehicle is used, together with an estimate of an 

absolute orientation of the image capture device at another point on the path, to 

25 determine a distance, along an axis of the vehicle at that point, between two points 

on the three dimensional surface map, or between the image capture device and a 

point on the three dimensional surface map. 

55. The method of claim 1 or any claim dependent thereon, wherein the expected 

30 road structure is determined based on at least one of: a road or lane width, and an 

offset of the vehicle from a road or lane boundary. 
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56. The method according to claim 55, wherein a constant road or lane width or 

offset is applied across at least part of the time series of images. 

57. The method of claim 55 or 56, wherein the road or lane width is determined 

based on one or more manual width adjustment inputs. 

5 58. The method of claim 57, wherein the manual width adjustment inputs are 

received in respect of one image, and used to modify the expected road structure 

and project the modified road structure into one or more other of the images. 

59. The method of claim 1 or any claim dependent thereon, wherein the expected 

road structure is determined based on a road normal vector. 

10 60. The method of claim 59, wherein the road normal vector n is estimated from 

the images as: 

l N-2 
n = --------- n, 

I:~:i2 llndl i:-.aa i 

61. The method of claim 1 or any claim dependent thereon, wherein the expected 

15 road structure is determined based on a forward direction vector. 

62. The method of claim 61, wherein the forward direction vector is estimated 

from the images as: 
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f R -1 . 
t = ; Il1i--1 i+l . ' ' " 

63. The method of claim 60 and 61, wherein f and n are used to determined 

border points of the expected road structure. 

5 64. The method of claim 63, wherein the border points are determined as: 

Ri being a camera pose determined for image i in reconstructing the vehicle path, 

and gi being a road point below the image capture device. 

10 65. The method of claim 64, wherein the road point below the camera is 

computed as 
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wherein h is a height of the camera and Ci is a 3D position of the image capture 

device determined in reconstructing the vehicle path. 

66. The method of claim 1 or any claim dependent thereon, wherein the vehicle 

path is reconstructed using simultaneous localization and mapping (SLAM) 

5 processing. 

67. The method of claim 66, wherein a camera pose Riis determined for each 

image i in performing the SLAM processing. 

68. The method of claim 66 or 67, wherein a 3D camera location Ci is determined 

for each image i in performing the SLAM processing. 

10 69. The method of claim 1 or any claim dependent thereon, wherein the expected 

road structure is determined based on a relative angular orientation of the image 

capture device, as measured from the images in accordance with claim 6 or any 

claim dependent thereon. 

70. The method of claim 1, or any claim dependent thereon, wherein the expected 

15 road structure is determined based on a relative rotational orientation of the image 

capture device, as measured from the images in accordance with claim 16 or any 

claim dependent thereon. 

71. The method of claim 1, or any claim dependent thereon, wherein the 

projection is performed based on a height of the image capture device in the vehicle. 

20 72. The method of claim 71, wherein the height is estimated based on an average 

height of a reconstructed path of the image capture device and a 3D road structure 

mesh computed from the images. 
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73. The image processing system of claim 28 or any claim dependent thereon, 

wherein the three-dimensional structure model comprises expected road structure as 

determined in accordance with claim 1 or any claim dependent thereon. 

74. A computer program product comprising code stored on a computer-readable 

5 storage medium and configured, when executed on one or more processors, to 

implement the method or system of any preceding claim. 
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