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1 Introduction

1.1 Task Description

The overall objective of this WP is to develop and verify novel semantic mapping and localization
concepts using visual perception. In particular, WP2 has the specific goals:

e Creation of dense geometric maps
e Creation of wide baseline stable visual features for localisation
e Creation of Semantic Maps

e Creation of maps which aid motion planning

1.2 Overview of the contributions

Our efforts on this deliverable have focused on the following aspects: increasing the robustness of image-
based classification and detection of semantic labels (contribution 2) and integration of two layers of map
which are often required for fully automated operation: metric and semantic.

In order to address the V-Charge goals, in this deliverable we report evaluation results on different datasets
from experiments conducted in three different testing scenarios with two different platforms available: The
BOSCH parking House (Stuttgart, GE, Grobi platform), The VW Mobile Life Campus (MLC) parking lot
(Wolfsburg, GE, Grobi platform) and the ASL car park (ETH, Zurich, CH, Kermit platform) . By following
a similar idea of A, B, the classification back-end employed for this V-Charge task relies on the concept of
introspection. Due to the lack of road marks in the place, our results are focused on the classification of
parking spots. Nonetheless, our approach can extrapolate to most general and richer scenarios with multiple
labels. In the following subsections we provide details of the semantic map pipeline shown in Fig. 1.

In addition, this deliverable also discusses the overall metric mapping pipeline, including camera calibration
(appending D), the dependencies between metric maps and semantic maps as well as the use of maps captured
under different viewing conditions for localization (appendix C).

Work on all tasks in WP2 has continued since deliverable D2.3. More details about the following contributions
can be found in the appendix.

’ \ Contributions \ From \ Link ‘

1 | Integrating Metric and Semantic Maps for Vision-Only Automated Park- UOXF.DF A
ing, Hugo Grimmett, Mathias Buerki, Lina Maria Paz, Pedro Pinies, Paul
Furgale, Ingmar Posner and Paul Newman, ICRA 2015

2 | Introspective Classification for Robot Perception, H. Grimmett, R. Triebel, UOXF.DF B
R. Paul, and I. Posner, International Journal of Robotics Research (IJRR),
2015

3 | Summary Maps for Lifelong Visual Localization, P. Miihlfellner, M. Buerki, | ETHZ-ASL, VW C
M. Bosse, W. Derendarz, R. Philippsen, P. Furgale, Journal of Field
Robotics, 2015

4 | Leveraging Image-Based Localization for Infrastructure-Based Calibration ETHZ-CVG D
of a Multi-Camera Rig, L. Heng, P. Furgale, M. Pollefeys, Journal of Field
Robotics, 2015




The remainder of this report is structured as follows: Section 2 describes the semantic mapping concept,
which is then evaluated in section 3. Section 4 discusses the pipeline used for creating metric and dense
geometric maps. Section 5 briefly describes how localization is made robust by merging metric maps captured
under different illumination conditions.

2 Semantic Mapping

The creation and maintenance procedures for a semantic map of a car park were the principle contribution
of A, presented at ICRA 2015. In this paper we present a system for creating the map, split into two
distinct layers: the metric and the semantic, and iteratively improving it as the car collects new data upon
subsequent revisits, as shown in Figure 1.
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Figure 1: Here we show the cycle of improvement to the map as the vehicle revisits the car park. First, the
car is driven manually around all the lanes, and then the metric and semantic layers are generated offline.
Then the car is ready for automated operation, during which more data are collected, iteratively improving
both layers of the map.

We describe the latest mapping procedure, whereby the metric layer is initially created by a full bundle
adjustment over the landmarks, the observation constraints over those landmarks, and the wheel odometry
constraints between successive vehicle poses. This part of the process is unsupervised. Over this metric
layer lies the semantic layer, comprising three distinct parts: the road graph, detailing the positions of the
lanes and intersections; the positions of the parking spaces; and the speed profile at which it is sensible for
the vehicle to move through the car park. The most expensive step in the map creation is the labelling of
the parking spaces, which requires a human in the loop. Because we anchor the semantic labels to poses
in the metric layer, any updates to the metric layer allow the labels to shift and warp with the updates
without having to be recreated manually, as shown in Figure 2a and Figure 2b. This allows us to update the
map without having to duplicate expensive labelling procedures. Next we detail the creation of the three
components of the semantic layer.



Figure 2: a) The initial visit (see caption of Figure 3 for more explanation). b) Revisiting the same place.
While the vehicle positions [v1, v2, v3] may be recomputed between the initial visit and the revisit, the
position of the semantic object s relative to v2 remains unchanged. This allows us to update the metric map

without having to recreate the semantic labels. £>0 represents the global origin coordinate frame, and T, 1,
represents the 6 d.o.f. transformation from b to a.



(d)

Figure 3: a) The fully connected graph. Vehicle poses become nodes in the graph, and edges are created
between both nearby and subsequent nodes. b) The graph after one round of pruning. The largest cliques
are replaced by the nearest pose to their centre-point. c¢) The finished graph after the iterative pruning
procedure. d) The lanes and intersections at the end of the algorithm.

2.1 The Road Graph

The road graph requires only the vehicle poses from the metric layer, under the assumption that the car
has driven every lane in the car park at least once. This sequence of poses gives a picture of the layout of
the lanes in the car park, but the trajectories will overlap imperfectly as the car passes over certain lanes
more than once, as shown in Figure 3a. In order to yield the underlying skeleton structure of the lanes, we
impose a graph over the poses, considering each pose as a node, and creating edges between both subsequent
and nearby poses, as shown in Figure 3a. By identifying the cliques in the graph and iteratively replacing
each clique (starting with the largest) with its centre-point (or the pose nearest to its centre-point, to avoid
drift over many iterations), we remove the clusters of poses and replace them by the underlying structure,
as shown in Figure 3b. What results is a very clean graph as shown in Figure 3c. From this graph we can
easily extract the intersections, and infer the driving directions of each lane from the original pose chain, as
shown in Figure 3d. The algorithm is described in more detail in the paper.

2.2 The Parking Labels

Using the vehicle poses in the metric map, together with the fish-eye images from the four cameras, we create
a synthetic overhead image as shown in Figure 4. Using this image we can use active learning classification



Figure 4: The synthetic overhead image for the Stuttgart car park.

with a human in the loop to quickly identify the parking spaces. Perhaps unexpectedly, parking spaces look
very different from car park to car park; each of the four car parks for which we have created a semantic
map has contained parking spaces with greatly differing visual characteristics. As a result of this, it has
been necessary to train a new classifier per car park. In order to make this process as efficient as possible,
that is, requiring the least amount of human involvement, we have used active learning. It has been shown
in previous V-Charge publications [1,2] that introspective classifiers make active learning more efficient, and
thus we use the Bayesian Logistic Regression (BLR), a form of the linear Gaussian process classifier, in
order to do our classification. Within a few rounds of learning we have labelled all the parking spaces to the
required precision, thus we can always achieve the requisite 90% as outlined in Task 2.3, as shown in Figure
5. The resulting locations of the parking spaces are shown in Figure 6.

2.3 The Speed Map

This speed map tells the vehicle how fast it should drive as it moves through the car park. In order to
make the automated operation as safe as possible for pedestrians and other road users, the vehicle’s speed
should be lower in areas where visibility might be worse, or where people generally tend to walk. Pedestrian
crossings can go some distance to inform the speed, but nothing is more effective than directly observing
pedestrians move across the car park. Firstly, we create a probabilistic graphical model using a prior based
on the positions of the lanes and the parking spaces, as shown in Figure 7. Using the images collected
during the visits to the car park, we detect pedestrians (initially using the same active learning framework
as for the parking spaces, only this time using the fish-eye images, as shown in Figure 7a) and project their
locations into the prior map frame. These locations mark positive observations in the Markov Random Field
imposed over the prior map, as shown in Figure 7b. A smoothing procedure over the map allows us to
update the prior map to include the detected pedestrians and slow the vehicle down as it approaches heavily
pedestrianised areas, as shown in Figure 8. This speed map can be continually updated with new detections
as the vehicle revisits the car park.

3 Evaluation of the Semantic Map Layer

In the paper presented at ICRA 2015, we use a checkerboard to determine the position of the car for five
parking manoeuvres in the base map and three subsequent improvements of the metric layer. We show that
those parking manoeuvres were consistently close to the centre of the actual parking space despite the fact
that the metric and hence semantic layers were moving around, as shown in Figure 9.



Precision
Cumulative number of hand-drawn boxes

0 | | | | 5
1 2 3 4 5 6

Training rounds

Figure 5: The increase in precision as the active learning rounds progress. We also show the number of
hand-drawn boxes on the right-hand axis.
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Figure 6: The resulting detections of parking spaces in the synthetic overhead image.



Figure 7: The conditional random field imposed over the semantic layer to calculate the likelihood that a
pedestrian will be in a particular place. The prior, in blue, is informed by the positions of the lanes and
parking spaces. The green nodes are observation in from the fish-eye images. The white nodes represent the
likelihood of the pedestrian in that place.

However, these accuracies incorporate many sources of error. Errors in the semantic layer of course, but
also in the local planner, the visual localisation system, the camera calibration, and the evaluation with the
chequerboard. We also need to evaluate the positions of the lanes and parking spaces with a system that
allows us to isolate where those errors might originate.

In the following, we present an extension of the semantic map evaluation for the experiments conducted at
the MLC site.

3.1 Lane Evaluation

In order to calculate the error in the road graph for the MLC site, we manually drove around all the lanes in
the road graph, making sure to drive as perfectly as possible — that is, in the centre of each lane and taking
each turn as smoothly as possible. For ground-truth localisation we used a differential GPS/INS system. We
compare the ground-truth INS poses with the nodes in the lanes and calculate the displacements between
them, as shown in Figure 10. There are three places in which the errors appear to be largest.

The first is in the South East of the map, and is enlarged and shown with aerial photography in Figure 11.
We suggest that the driven lane (in red) passes on the wrong side of the road and too close to the parked car,
and thus the road graph (in black) is a preferable trajectory, thus excusing this perceived error. The second
are of error is in the South West of the map, again enlarged in Figure 12. This are is a free-driving zone,
and so the consistent displacement does not represent a true deviation from a correct trajectory. The driver
chose a slightly different path for the ground truth run, but both as correct as each other, again excusing
this perceived error. The third area with largest error occurs in the North East corner, as shown in Figure
13. The ground-truth trajectory passes a little further from the cars parked on the right, and takes the turn
into the lane on the right a little tighter than is recommended in the map. It is possible that with oncoming
traffic in the lane, the road-graph lane is more appropriate, but we accept the error in the turn exists in the
map itself.



(a) Initial drive.

Il

(c) The maps from data up to and including the 6 revisit.

Figure 8: On the left, the red dots represent projections of the detected pedestrians into the static map. On
the right, the evolution of the dynamic map as more pedestrians are detected. In the dynamic map, blue
represents lower danger (higher speed) and yellow represents more danger (higher speed). The top dynamic
map is calculated using only the prior over pedestrians given the static map.
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Figure 9: The consistency of autonomous parking manoeuvres in Zurich. Map 0 is the base map, and 1 2

3 are subsequent improvements to the metric map following revisits.
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Figure 10: The displacement between the INS ground-truth manual drive, and the nodes in the road graph.
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Figure 11: The source of error in South East hot-spot of the lane error map. In red we see the driven path,
and in black the lane in the road graph. We suggest that in fact the driven path passes too close to the
parked car and on the wrong side of the road, and thus the road graph path is preferable.

251 . * | 1.5
-30 L ]
L )

-35} . 1B
- N E
E . . — =
> -40 _ Wide lane, free driving 1 e

1]

45| of ', 1 0.5

Iy, ,
50+ ! I f .
Iy,
L .
'55 - L L L 1 L = 0
-40 -30 -20 -10 0
X [m]

Figure 12: A second hot-spot in the South West of the map. Here we see a consistent error as the vehicle
drives around a corner in a free driving area. There is no delineated lane, and thus the vehicle is free to
choose its path. This does not represent a real error in the map.
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Figure 13: Here the ground-truth driver has chosen to leave a little more space between himself and the cars
parked on the right. He also takes the turn onto the lane on the right a little tighter than the recommended
path in the map.

3.2 Evaluation of labels: Parking spots and charging bays

In order to test the accuracy of the positions of the parking spaces and charging bays in the semantic
layer, we performed ten manual parking manoeuvres in a parking space, and ten more in a charging bay.
Unfortunately there was a lot of INS drift in the charging bay manoeuvres, and thus the results are limited
by this drift, as shown in Figure 14a and Figure 14b. The parking space manoeuvres, however, are shown to
be extremely accurate, down to the maximum resolution of the INS itself, 4cm, as shown in Figure 14a and
Figure 14b. We show the overall error bars in Figure 15. We conclude that the estimation of the error in
the parking manoeuvres is limited to the accuracy of the ground-truth system we have used, but that even
when it is working well (for the parking spot), the accuracy of the map is excellent.

3.3 Evaluation of the speed map

Following the same approach in section 2.3, we estimated an speed map for the MLC site which is shown
in Figure 16. The posterior map includes the places where pedestrians tend to walk, which are two main
places: the junction to the North East of the building, and the pedestrian walkway along the South of the
car park.

This feature of the semantic map is available. The integration into the local motion planning framework is
trivial as explained in D4.4 and will without complications lead to the desired reduction in speed. However
due to restrictive code freeze policies in the run-ups to the final demonstration, the speed map has not been
integrated into the local motion planning framework yet.
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Figure 14: a) The vehicle trajectories for ten manual parking manoeuvres in a charging bay. The INS drift
here is significant. b) Zooming in on those ten manual parking manoeuvres in the charging bay. The tears in
the trajectories show the drift in the INS ground-truth system. ¢) The trajectories of the ten manual parking
manoeuvres in a parking space. d) Zooming in on those parking trajectories to see the displacement between
the car centres according to INS and the centre of the parking space according to the semantic layer.
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Figure 15: The overall errors for the various components of the semantic layer. We separate the errors for
parking into two components, (a) the parallel error, which is along the direction of the parking bay, and (b)
the perpendicular error, that is the sideways displacement of the vehicle in the bay.
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Figure 16: a) The speed prior. This is the recommended driving speed, given the positions of the lanes and
the parking spaces. b) The speed posterior. This is the recommended driving speed of the prior, augmented
with information about where pedestrians tend to walk. In this case, in the North East junction and the
South along the left-hand side of the car park.
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4 Constructing Metric Maps

One of the core tasks of this work package is the construction of metric maps that can be used for localization
and navigation (work package 3) and for path planning (work package 4), as well as for generating semantic
maps. The mapping process consists of three stages. In the first stage, the cameras of the car are calibrated
with respect to the odometry frame. In the second stage, a consistent metric map is build from measurements
taken by all four cameras using visual odometry. The resulting map and the camera images can then be
used to create a dense geometric map using multi-view stereo methods. In the following, camera calibration
and dense mapping are discussed. Creating metric maps for localization is described in Section 5.

Given the intrinsic calibration of the cameras, the extrinsic calibration of the four fisheye cameras in the
car with respect to the wheel odometry is determined from image data captured while manually driving
the car. For each individual camera, visual odometry is used to determine the trajectory of the camera.
The trajectories are then used to synchronize the camera movement with the data recorded by the wheel
odometry. Finally, loop-closures between different cameras are detected and used to refine the calibration:
A 3D map is build using structure-from-motion, which is subsequently refined to yield more accurate camera
poses and thus a more accurate extrinsic calibration. The whole calibration process can easily take up
multiple hours.

Due to vibrations during driving or expansion and contraction of the car frame between seasons, the cameras
of the car should be re-calibrated from time to time. Obviously, the calibration pipeline described above is
not very practicable for this task due to its long run-time. For the use cases considered in the V-Charge
project, it is safe to assume that there often already exists a metric map of the environment. This map
can be used to significantly simplify the calibration process: Each image taken by a camera is individually
localized against the map by estimating the camera pose from 2D-3D matches between features found in the
camera image and 3D points in the map, yielding the pose of the cameras at different points in time. These
poses are then used to infer the positions of the cameras relative to each other, followed by a non-linear
optimization of these calibrations. In a final step, the pose of the resulting camera rig is determined relative
to the wheel odometry. In contrast to the pipeline described in the previous paragraph, this structure-based
calibration approach does not need to build a map of the environment. As a result, the camera calibration
can be computed within a few minutes. Both calibration pipelines are described in detail in appendix D,
including the experimental evaluation of their accuracy.

Given the camera poses and the corresponding images, we can create dense geometric maps using our multi-
view stereo pipeline [3,4]. Figure 17 shows a top-down view of a dense map created for the ETH parking lot.
The height of the different parts of the scene is color coded, with elements on the ground being colored in
dark blue and the tallest elements, e.g., points on the two ramps leading up from the parking lot, colored in
dark red. Unobserved space, e.g., space behind walls, is marked in black. In order to measure the accuracy
of the map, we manually measured distances in the parking space (marked in the figure) and compared these
ground truth measurements with the distances measured in our dense map. The results of the comparison
can be found in Table 1 and show that the map is accurate up until less than 20cm.

5 Semantic Localisation Concepts

Metric maps built for a place will become outdated as the scene changes: For example, trees and vegetation
in a outdoor parking lot will be changing between spring and winter. In a parking space such as the Bosch
Parking Space in Stuttgart that is partially open to the outside, the illumination conditions can change
drastically between morning and afternoon due to different shadows caused by the movement of the sun. As
a result of such changes, the keypoint detector that is used to detect salient points in the images fires at

16



Figure 17: Color coded height map (dark blue lowest, dark red highest) with the positions of the 9 measure-
ments indicated in red. Measurements 1 to 7 are length measurements and measurements 8 and 9 measure
the height difference that occurs in the indicated circle.

Nr. ‘ Ground truth‘ Map ‘ Error ‘

2.725m 2.650m | 7.5cm
4.895m 4.800m | 9.5cm
2.570m 2.485m | 8.5cm
2.740m 2.900m | 16.0cm
3.140m 3.100m | 4.0cm
3.450m 3.400m | 5.0cm
2.505m 2.450m | 5.5cm
0.850m 0.800m | 5.0cm
0.125m 0.100m | 2.5cm

O 00| | O U x| W N~

Table 1: Quantitative evaluation for the 9 indicated measurements in Fig. 17. The mean error over all the
9 measurements is 7.06cm.
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different parts of the scene. Thus, it becomes significantly harder to establish matches between 3D points in
the maps and features extracted in the camera images of the car because the feature detector does not detect
keypoints at the image positions actually corresponding to the 3D points. Consequently, localization against
the map becomes less stable and can even become impossible under larger changes, e.g., in illumination.
Thus, the metric maps need to be updated and adapted over time such that they contain 3D points that
correspond to features detected in the car’s images (c.f. Figure 1). This is done by capturing data under
different viewing conditions and fusing the resulting metric maps into a single summary map. In order to
avoid excessive memory consumption, the individual maps are compressed by selecting only a subset of all
available landmarks. Since these maps are created for localization, only landmarks useful for determining the
position of the car are selected. Details on the mapping and localization concept can be found in appendix

C.

The previous deliverable 2.3 had discussed further semantic localization concepts that use semantic labels
extracted from each image to guide the localization process. While the research performed for the deliverable
showed that such approaches can improve upon localization methods that do not use class labels, it was shown
that they are not practically applicable due to increased run-time costs. The discussed approaches have thus
not been integrated into the V-Charge project.

6 Summary of Milestones

6.1 Milestone 6, Task 2.1

The results presented in Figure 17 and Table 1 clearly show that the dense local maps created from the
onboard sensors, more specifically using motion stereo on the fisheye images, are accurate within <20cm.
In our experiments, moving obstacles presented no problem to the dense mapping pipeline. Either, motion
stereo did not find enough matches on them or spurious 3D measurements resulting from moving objects
were filtered out by free space measurements.

The dense mapping process generates a multi-layer height map of the scene. In a first pass, evidence for free
space above a ground layer is accumulated, which is subsequently used during optimization to determine
which areas are free and which are occupied. The second pass computes exact heights for places where the
ground is visible. As a result, the dense maps can be used to determine which areas of the scene can be
traversed by the car. In practice, the path planner uses the road graph provided by the semantic mapping
process.

We consider this task of the milestone to be achieved.

6.2 Milestone 6, Task 2.2

The goals for this task is to “Extract features from image and 3D data (onboard sensors) and use them for
position estimation, Repeatability of features and matching performance > standard SIFT”. As for any other
feature detector and descriptor combination, SIFT can only successfully match features if its detector fires
at corresponding image regions, which is often not the case under larger changes in the scene (cf. Section 5).
The experimental evaluation in appendix C clearly shows the benefit of using multiple maps compared to
using a single map, both in terms of successful localisations and the localisation accuracy. Thus, we consider
this task of the milestone to be achieved.

18



6.3 Milestone 6, Task 2.3

After the first manual drive around the car park, the metric layer and components of the semantic layer
are processed offline. Now that a full semantic map is available, the vehicle makes automated operation
available, and collects more data regarding the surroundings. These new data can provide more landmarks,
used to update the bundle adjustment, improve the metric layer. Because the semantic labels are created in
relation to the poses in the metric layer, the improvement of the metric poses allows the semantic labels to
shift and warp around them without having to be recreated. As a result of this, the semantic components
that are expensive to create (namely the locations of the parking spots, which require a human in the loop)
only have to be created once, even though the metric layer is always changing. The speed map is the only
component that is actively changing upon revisits to the car park: more pedestrian detections allow the
updating of the speed map, improving the speed profile for the vehicle’s future operations.

In all the car parks for which we have created semantic maps, there have been very few traffic flow markings,
stop signs and other road markings. Therefore it has not made sense to detect these, but merely to hand-label
them during the initial mapping procedure, or in the case of the traffic flow to deduce them automatically
from the vehicle trajectory. We focused mainly in the detection of parking spots as they are the most
common labels encountered in the testing scenarios. In order to make this process as efficient as possible, we
train our classifiers in an active learning fashion achieving a performance of more than 90% precision at 90%
recall. All in all, our designed pipeline pipeline demonstrates the creation and maintenance of a semantic
map of a car park. Therefore, we consider the goal of Milestone 6, Task 2.3 to be fulfilled.

6.4 Milestone 6, Task 2.4

The efficacy of semantic maps in pose estimation and localisation procedures: The semantic
layer is critical to the pose estimation of the vehicle in the car park. The visual localization system works by
comparing the landmarks visible in the cameras to those stored in the metric map, and solving for the pose of
the vehicle. The quality of this pose solution is heavily tied to the number of visible landmarks and to their
distribution all around the vehicle. If there were too few or none in a particular direction, then the estimate
would suffer. Therefore, the car must never deviate too far from the trajectories present in the available
map, because only in those places are the landmarks plentiful and well distributed. The mechanism by
which the car is tethered to these existing trajectories is its connection to the road graph and parking space
components in the semantic layer. That road graph is itself generated from the landmark-heavy trajectories.
The global planner plots a trajectory from start point to goal (the goal can be a position in the road graph
or a parking or charging bay) through the road graph, thus ensuring that it never deviates too far from the
original trajectories, and that a good localisation estimate is always available.

Demonstrate that semantics aid in planning procedures: The planning procedures are almost
entirely built around the semantic layer. As it is described in deliverable D4.4, the global planner requires
the road graph to generate a trajectory from start point to the goal, and while driving the vehicle uses the
width of the lanes in order to know how much it can deviate around dynamic and static obstacles such as
badly parked cars or pedestrians. The intersections inform the car that it must be careful about oncoming
vehicles from the sides, and thus it will stop at the entrance of an intersection if it is on a low-priority lane.
However, if the car is in a high-priority lane, it knows that it has priority over merging traffic and does not
wait for them to go.

Show that a plan made in the absence of the semantic map will break the rules of the road or
increase the risk of pedestrian injury: Here are five situations in which these are shown:

1. The speed map allows the vehicle to proceed more slowly across pedestrian crossings or where pedestri-
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ans have been observed to frequent. Without this, the car would move inappropriately fast and could
cause pedestrian injury.

. While the vehicle is avoiding badly parked cars or pedestrians it can deviate from the centre of the

lane, but not so much as to leave the confines of the lane or to stray into the oncoming lane, as shown
in Figure 18a .

. The appropriate behaviour at junctions (proceeding smoothly through if the car is on a high-priority

road as shown in Figure 18b, or waiting before merging if approaching from a low-priority road as
shown in Figure 18c) makes the vehicle’s movement predictable to both pedestrians and other road
users. This predictable and sensible behaviour is extremely important so that it does not confuse other
uses and encourage them to behave in an erratic manner, thus increasing the likelihood of a collision
or pedestrian injury.

. Using the knowledge of the road network, the vehicle can predict the directions from which other

vehicles might approach, which allows the vehicle to pause and make sure that the planned trajectory
is collision-free, as shown in Figure 19a.

. Without the knowledge of intersections and the road graph, the vehicle cannot make any predictions

about the movement of other road users. It would wait for a passing car to leave a large radius before
allowing itself to proceed, as shown in Figure 19b. However, with the knowledge of the road graph, it
has a better idea of what the passing vehicle is doing and can allow itself to plan a following course
before the passing vehicle leaves the large radius, as shown in Figure 19b.

Conclusion

In this deliverable we have focused in the scientific contributions regarding the integration, maintenance and
evaluation of the main two layers: the metric map and the semantic map. We first describe how the two
layers interact into the automation loop designed for lifelong vehicle operation in the context of the V-Charge
project. We show how the components of the semantic map can be updated and maintained as the metric
layer changes over time. We show also an extended evaluation of each of the components: the road graph,
the labels and the speed map.

In addition, this deliverable discussed the metric mapping pipeline and the integration of the semantic
localization concepts developed in this work package.

As can be seen from the reports attached to this document, Work Package 2 of the V-Charge project is well
on track with its scientific, engineering, integration and evaluation goals at the time of writing.
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Figure 18: a) The car deviates from the green lane in order to avoid the yellow dynamic obstacles. However,
the deviation is limited by the width of the lane in the semantic layer. b) Being on a high-priority lane, the
car knows not to stop at this intersection. ¢) Being in a low priority lane merging with a high priority lane,
the car knows to stop here and wait for any traffic coming from the right.

Figure 19: a) Without the road graph, the car waits for the passing car (green, right) to leave the large
radius (the red bar) before it will plan an ongoing trajectory. b) With the road graph, the car allows itself
to plan a safe following trajectory before the passing car (red, right) has left the large radius (red bar).
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Abstract— We present a framework for integrating two layers
of map which are often required for fully automated operation:
metric and semantic. Metric maps are likely to improve with
subsequent visitations to the same place, while semantic maps
can comprise both permanent and fluctuating features of the
environment. However, it is not clear from the state of the art
how to update the semantic layer as the metric map evolves.

The strengths of our method are threefold: the framework
allows for the unsupervised evolution of both maps as the
environment is revisited by the robot; it uses vision-only sensors,
making it appropriate for production cars; and the human
labelling effort is minimised as far as possible while maintaining
high fidelity. We evaluate this on two different car parks with
a fully automated car, performing repeated automated parking
manoeuvres to demonstrate the robustness of the system.

1. INTRODUCTION

The environments in which our robots operate are often
very complex, sharing aspects which are continually evolving
along with some much more permanent features. Alongside
these varying scales of change, certain tasks required for
autonomous operation can be carried out in an unsupervised
manner, making them cheap, while others require significant
human involvement due to either the difficulty of the task or
the need for accuracy guarantees. In this paper we propose
a framework which strives for the best of both worlds: we
manage the reprocessing of tasks based on how often they
require updating, and we streamline tasks which require hu-
man involvement while maintaining the accuracies required
for safety-critical automated driving.

The particular tasks we consider are those of creating
metric maps of our robot’s environment, required for path
planning, and creating semantic maps which are crucial for
the robot’s ability to reason about and interact appropriately
with their surroundings. An example of such a map is shown
in Fig. 1.

We envisage a system by which our metric and semantic
maps improve as our robots revisit previously-explored areas,
as shown in Fig. 2. In this work we employ vision-only sen-
sors for both mapping and localisation, and so the accuracy
of any metric map relies upon the information gathered from
the cameras during any particular run. However, the data
collected during a revisit can be used to refine the metric
map from the previous visit, and that in turn can be used to
refine aspects of the semantics.

Fig. 1: The semantic information placed relative to the metric map. Shown
are the driving lanes in green, and the parking spaces in blue.

In safety-critical situations such as the operation where
automated vehicles and humans coexist, semantic maps are
often created (or at least maintained) by hand to ensure
their high quality. Here we distinguish between two types of
semantic labels: static semantics which represent more per-
manent features of the environment such as fixed obstacles
or points of interaction, and dynamic semantics such as the
characteristics of transient objects within an environment. By
definition, static semantics are unlikely to change between
revisits, and as such represent a significant but necessary
cost in terms of human labelling effort, which ideally should
not need repeating upon subsequent visits. We use dynamic
maps to estimate the likelihood of dynamic obstacles being in
any particular location of the robot’s environment, in our case
pedestrians, which allows the robot to drive at an appropriate
speed. Dynamic semantics can be recomputed at each revisit
in an unsupervised manner without requiring further human
labelling effort.

Once initial semantic and metric maps have been created
for a place, subsequent revisits to that place should allow
the improvement of those maps without further labelling
taking place. More loop closures improve the metric map,
and those changes should propagate through to the positions
of the semantic labels. We do this by performing the initial
labelling in a frame of reference local to the sensor in which
the object is visible. This is such that when the metric map
is recomputed, the new position of the semantic label is
an unmodified local transformation of the newly computed
vehicle frame. Fig. 3 demonstrates this principle.

As the promise of robots for the general public is increas-
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origin coordinate frame, and Ty represents a 6 d.o.f. transformation from
b to a.

ing, parking is a clear early target for widespread automation.
The ubiquity of the requirement to park vehicles in car
parks motivates the V-Charge project, whose goal is to
provide a repeatable, robust, automated valet-parking system
which requires neither expensive sensors nor specialised
infrastructure in the car parks themselves.

The main contributions of this paper are:

« The implementation and evaluation of a life-long metric
and semantic mapping system on a fully automated car,

« The proposal of a lifelong mapping cycle that seam-
lessly integrates metric map updates with both static
and dynamic semantic labels,

« An algorithm for automatically generating road network
graphs, and

« The use of introspective active learning for both parking
space detection and pedestrian detection.

In Sec. IV we explain the localisation and mapping
pipeline. In Sec. V we describe the process of creating the

static maps and updating the dynamic maps. In Sec. VI
we evaluate these systems in a real car park, showing the
behaviour following revisits.

II. RELATED WORKS

The field of automated driving has a rich history, gradually
making its way into production cars. This push to make
robotics relevant for the wider public has led to significant
progress in terms of localisation robustness using vision-only
systems [1], [2].

Semantic mapping is also a rapidly developing field, but
creating reliable maps with vision-only is difficult. Paper [3]
fuses laser and camera data to map urban environments. The
labelling of parking lots in particular has been approached
using overhead images from online photographic reposito-
ries (such as Google Maps) [4], but this method makes
assumptions about the layouts of parking lots. We assume
no particular structure, and label in synthetic overhead maps
made by projecting the camera views into simulated ground
surfaces, which is useful for mapping underground car parks
where satellite imagery is not available. The authors of [5]
use a generative model of the geometry of urban scenes to
label the lanes and a dynamic map. We overlay this style of
map with an extra layer of semantics related to parking and
the likely motion of pedestrians.

The matter of storing and subsequently making use of se-
mantic labels was tackled during the Urban Challenge, with
the road network being hand-labelled and then distributed to
the competitors in the RNDF format [6]. The competitors
then had to perform automated parking manoeuvres based
on these maps [7].

In this work we leverage the adaptability of relative
maps. Hybrid topological-metric maps have emerged to be a
dominant representation in the field of autonomous driving:
examples include sub-mapping [8], to manifold mapping [9],
to completely relative representations [10].

We draw from all these influences, but present a ro-
bust and well-integrated end-to-end system which generates
constantly-improving, rich semantic information and uses it
to perform repeated parking manoeuvres with high accuracy.

III. Tue AutoNnomous CAR

For the V-Charge project, two VW Golf series vehicles
have been modified for drive-by-wire capability, with an
integrated camera system, IMU, and computer systems.

The test vehicle is equipped with four 180° field-of-view
fish-eye cameras, one facing each cardinal direction of the
car (see Fig. 4). Images are recorded simultaneously at
12.5Hz in gray-scale format with a resolution of 1280 x
960. Subsequent downsampling to half the original size and
extraction of BRISK features allows for fast, CPU-based
image processing. In addition, wheel odometry running at
50Hz is used as a motion sensor yielding constraints between
adjacent image acquisition poses. The intrinsic and extrinsic
parameters of the camera system are calibrated using the
CamOdoCal library [11].



Fig. 4: The configuration of the four 180° field-of-view fish-eye cameras
used for mapping, localisation, and dynamic object detection.

IV. METrIC MAPPING

In this section, we describe the metric mapping and local-
isation system which is required for the semantic labelling
pipeline, and for autonomous navigation around the car park.
For more detail the reader is referred to [12] and [13].

A. Map Representation
Let ? denote a coordinate frame A, and let further Ap
denote a pomt in space expressed with respect to T

addition to that, let Tpp denote a 6DoF transformatlon
relating two coordinate frames such that ,p = T, - gp.
We further define T to be an arbitrary, spatially fixed

global origin frame. Our map used for localisation can then
be thought of as a collection of landmarks y,p expressed
with respect to individual map frames ¥ as well as a set

SV
of transformations Tpy, associated withMleach map frame.
Landmarks here refer to 3D points in Euclidean space,
associated with a BRISK feature descriptor. As will become
clear later, these map frames are fixed in space at all times
and lie along the car path of the initial dataset used to
form the base-map. The landmarks are originally observed
and inferred from the cameras mounted on the vehicle,
for which the exact car poses with respect to the global
coordinate frame for every captured image is inherently
unknown and subject to change as more information becomes
available in subsequent mapping sessions. Therefore, the
map also contains transformations between vehicle poses and
associated mapping frames. During the course of the map
refinement, both the location of the landmarks as well as the
vehicle poses are updated, whereas the mapping frames stay
stationary.

B. The Base Map

Since the four cameras record images simultaneously,
we will refer to an image frame as the collection of all
four images recorded at that time. In a first stage, the
initial image stream is subsampled such that consecutive
image frames are evenly spaced along the car trajectory,
separated by a 20cm baseline. A vehicle pose is associated
with each of the remaining image frames, forming a pose-
graph. Subsequently, BRISK features are extracted for each
camera image, followed by a loop-closing engine looking for
matching images, which then form relative transformation
constraints based on a RANSAC estimate of the camera
poses of the images involved. Together with the constraints
between successive car poses from integrated wheel odom-
etry, a pose-graph relaxation problem is formulated whose
solution consists of a geometrically consistent graph of car
poses. In the next stage, the BRISK features are tracked along

subsequent images - individually and independently for each
camera. The guess of the car poses together with the camera
extrinsic and intrinsic calibration allow to infer the landmark
positions in the global frame for all feature tracks. Finally, a
full bundle adjustment optimisation problem is solved, which
involves all landmark observations (reprojection constraints
between the inferred 3D landmark position and the observed
2D feature in the images) and all wheel odometry constraints
between successive car poses. This yields a refined estimate
of the car poses along the pose-graph and all landmarks
observed in the base-map. To complete the initial base-map,
a mapping frame z is created for each car pose.

C. Localisation and Multi-Session Mapping

With the base-map described in the previous section, the
car is able to navigate autonomously within the mapped area.
This is achieved by repeatedly estimating the transformation
Ty, v between the car and a nearby map frame. Let Ty,
be a guess of the car’s current pose based on a previous
localisation estimate and wheel odometry. We now retrieve
the landmarks from the map in the vicinity of our guess and
project them into the camera frames, allowing to match them
against the extracted image features by taking both the image
space and descriptor distance into account when forming
the set of 2D-3D associations. From these associations,
constraints on the vehicle pose are formed in the context of
a non-linear least squares optimisation problem. The vehicle
pose is estimated by minimising the reprojection errors based
on these associations. This estimate is then used in the
proximate iteration as a new starting point.

Since between recording the initial dataset for the base-
map and a later attempt to localise in it, the environment
may change, not all image features will be successfully
matched against landmarks from the base-map during lo-
calisation. These unmatched features can be used in an
offline processing step to track new landmarks which are
then added to the base-map, enriching the latter with new
information representing the change in the environment. For
the reasons mentioned above, we also add the new vehicle
poses to the map. Both the new landmarks as well as
the new vehicle poses are associated with a nearby map
frame. This associations, corresponding to transformations
between the new vehicle poses and the fix map frames from
the base-map, stem from the localisation estimate based on
successfully matching a large enough subset of features in
the current image frames to landmarks already present in
the map. Consequently, the image frames from the dataset
used to localise against the map (subsequently referred to as
the “localisation dataset”) contain associations both between
landmarks from the base-map as well as the new landmarks
and hence allow formulating constraints between the vehicle
poses from the base-map and the ones from the localisation
dataset. This fact is exploited in a full bundle adjustment
step. The resulting map is referred to as a multi-session
map now consisting of two datasets. The procedure can
naturally be extended to an arbitrary number of datasets.
This multi-session mapping allows the map to be refined as
more datasets are processed resulting in more accurate map
geometry and increased localisation performance. Please note



that the multi-session mapping described in this form does
not explicitly deal with landmarks that disappear or shift
their position in changing environments over longer time
spans. Outdated landmarks remain in the map, but will fail to
match against current image observations. This is acceptable
as long as a large enough set of valid landmarks can be
matched against current images at all times. Also note that,
as described above, image features failing to match against
the map are tracked over subsequent images and form new
landmarks that may account for an outdated landmark that
shifted its position or changed its appearance. Techniques to
curate maps and filter out outdated or unhelpful are studied
in detail in [13].

V. SEMANTIC MAPPING

In most parking environments there is a wealth of perma-
nent semantic information which can, if correctly leveraged,
make a complex manoeuvre such as driving along a lane
and parking a much more straightforward task. Typically
the creation of such a map involves hand-labelling features
such as parking spaces and lanes, but this is an extremely
expensive and tedious task for a human. Therefore, we make
use of machine learning to reduce the effort on the labeller.
In one-shot machine learning, it is necessary to have a
large amount of labelled data to train a classifier to detect
pedestrians or parking spaces with sufficient accuracy to
make it useful, which may not generalise well over car parks.
To combat this and also maximise flexibility, we use active-
learning algorithms in which a human works in the loop with
the machine to answer the most challenging classifications as
chosen by the algorithm, thus reducing the labelling quantity
for a given desired performance level. In order to further
reduce the labelling effort, we make use of introspective
active learning algorithms [14].

In the car parks we have encountered during the V-
Charge project, we have included the following classes in
the semantic map: lane structures, parking spaces, pedestrian
crossings, and a recommended driving speed for any point
in the environment. The recommended driving speed comes
from the dynamic map, which brings together permanent
aspects of the environment (such as lanes) and dynamic
objects such as pedestrians or vehicles. As the automated
vehicle drives through the car park, it detects these dynamic
objects and incorporates these new observations into the
existing map, which better informs the vehicle how to safely
navigate the area during future visits.

A. Static Map

We use active learning on a synthetic overhead image to
accurately locate all the parking spaces in the car park. The
pedestrian crossings, being so few in number, are labelled
by hand.

1) Synthetic overhead image: The synthetic overhead
image is made by first rectifying the fisheye images, then
using the vehicle pose from the metric map to project the
image points onto a virtual ground plane. When projections
from multiple images lie on the same pixel in the ground
plane, the running mean of the values is used. The overhead
images created of the car parks used in the experiments
section are shown in Figs. 6 and 11.

2) Classification: From the synthetic overhead image, we
train a linear Gaussian process classifier to detect parking
spaces. Gaussian process classifiers have been shown to
perform well in active learning [15]. Initially the classifier
has no training data, and so the user draws rectangles around
a few parking spaces. Negative examples are randomly
extracted from the image at various scales. Training occurs
using the HOG feature [16] representations of these data,
and the classifier returns a pre-defined number of hypotheses
of where further parking spaces may lie in the image.
The hypotheses come from a search over the image at
several scales calculated relative to the average size of the
user-supplied positive examples, over which non-maximal
suppression is applied to increase their positional accuracy.
The user then has the option to accept the hypotheses, or
mark some of them as positive and negative examples, and
retraining the classifier. This cycle can continue until all the
parking spaces are detected to a sufficiently high level as set
by the user.

3) Relative association: Now that we have the positions
of the parking spaces and pedestrian crossings in the syn-
thetic overhead image, for each label we find the fisheye
image in which they are visible and most central. We then
associate that label with that camera pose, and calculate the
transformation between the label and the vehicle pose (Ts
in Fig. 3). This is what allows us to avoid relabelling the
static semantic labels whenever the metric map is updated.

B. Road Network

We have developed an algorithm for automatically gen-
erating a road network, whose only requirement is for the
vehicle to have been driven through each lane at least once.
The algorithm uses only the three-dimensional positions of
the vehicle at regular time intervals, and detects both lanes
and intersections. The method is presented in Algorithms
1 and 2. In summary, we consider the vehicle positions as
nodes in a graph, and connect them to nearby nodes in order
to simplify lanes which are driven several times with slight
displacement each time (see Fig. 8a). We then repeatedly
prune this graph by replacing maximal cliques by their centre
point (or rather, an existing node nearest to their centre point,
see Fig. 8b) until we have a skeleton graph (see Fig. 8c). The
final step involves iteratively exploring the pruned graph to
find the distinct lanes and intersection points, as shown in
Fig. 8d.

C. Dynamic Map

We use a probabilistic representation of dynamic obstacles
to create a recommended speed map we call the dynamic
map. First of all, we project the pixel locations of the
static labels into the global frame, obtaining a metrically
consistent semantic map. In order to use the semantic map
for motion aid we estimate the likelihood of any place in
the map x being occupied by a dynamic object, given the
prior knowledge of the detected labels at xy, and partial
observations of pedestrians z. This posterior distribution is
then used to create a recommended speed map for safer
future traversals of the car park. Note that the pedestrian
detections come from detections in the fisheye images. This



Algorithm 1: Creating and simplifying the adjacency
matrix required for Algorithm 2.

Data: vehicle poses X € R®, connecting distance d, number of
pruning loops P

Result: Symmetric adjacency matrix A

// Connect all nodes within a radius d of each other
forall the pairs of poses (x;,x;) € X do
if |x; — xjll< d then A;; « 1
else

L A,‘j(—O;Aﬁi—O

B W =

// Symmetric A

// Disconnect temporally subsequent nodes within d
forall the poses x; € X do
ne1
while ||x; — x;,l|I< d
do

L Aiitn < 05 Ajni < 0

// Exit if assertion fails

e ® 9!

ne—n+1

// Connect nodes in the order they were driven
1 forall the poses x; € X do
2| A < 1 Ay e 1

// Prune cliques larger than 2, replacing them by the
node nearest to the clique centre

13 for p— 1 to P do

// Produce an ordered list of maximal cliques

14 C « findMaximalCliques(A)

15 C « sortDescending(C)

16 R=0 // The set of nodes marked for removal
17 forall the cliques ¢ € C such that |c|> 2 do

18 X, < mean(x,)

19 Xp < returnNearestNode(x,, X)

20 N « returnNeighbours(c,A) // N includes indices

i¢c but adjacent to at least one node in c¢
// Skip cliques containing nodes marked for

removal

21 if NN R =0 then
22 Ab,N «1; AN,b —1

// Find the dead-end nodes
23 D « {i € N for which degree, (i) = 1}

// Mark these nodes for removal
24 R~ RUcUD\{b}
25 A « removeRowsAndCols(R, A) // remove the rows and

columns of A which refer to the nodes in R

problem can be represented by a graphical model G(V, E)
whose nodes x; € V are the set of discrete map locations.
Fig. 5 shows an example of the probabilistic graphical
model used in this method. A prior probability p(xg) on
the nodes is assigned by considering the various types of
space encoded in the semantic map (i.e., pedestrian crossings,
parking spaces and driving lanes). The maximum a posteriori
estimate is calculated by solving:

likelihood
* . ” N
x" = argmin (- log p(z|x) p(xIxo) p(Xo) ), (1)
X S~——

prior
where the prior distribution and pedestrian likelihood are
modelled as normal distributions over the map, making the
optimisation linear. To account for the effect of a node x;
on its neighbours N(i), we impose regularisation by adding
linear binary constraints (the second sum in Eq. 2).

pxixg) o > lxi-xolB+ > > lxi-x 18 @)

i jeN(i)

pax) o Y lz-x . 3)

Algorithm 2: Iteratively exploring the adjacency matrix
from Algorithm 1 to discover the road network and its
intersections.

Data: Symmetric adjacency matrix A with M rows and columns
Result: Road network R, intersections I*

1 ve0 // Current node
2 T«0 // Termination nodes
3 R0 // Road network

4 I" —{ief{l,..., M} for which degree, (i) > 2}
5 while A nonempty do
// Intersection nodes

6 I —{ie{l,...,M} for which degree, (i) > 2}

// Dead-end nodes
7 D «—{iefl,..., M} for which degree, (i) = 1}
8 if D # 0 then
9 vesomedeD // Start at a dead-end node
10 T « 1 // Terminate at an intersection node
1 else
12 if 7 # 0 then
13 v« some i € [
14 T «— 1\ {v}
15 else

// Remaining road network is only one loop

16 vel // Start anywhere
17 T<0
18 Leev // Lane
19 O « returnNeighbours(v,A) // Options
20 while (i ¢ T) A (O # 0) do
21 Vv« some 0 € O
2 L« (L,v) // add v to the vector L
23 O « returnNeighbours(v,A)\ L // with L as a set
24 R — RU{L} // R is a set of vectors
25 if L; € I then
2 | LeL\L // don’t include start node
27 if L) € I then
28 L L« L\Ly // don’t include terminal node
29 A « removeRowsAndCols(L,A)

Due to the linear nature of the problem, an exact solution is
achieved after a single batch iteration.

The final step is to convert the posterior probability of
a pedestrian over the car park into a recommended speed
profile. We do this by defining minimum and maximum
driving speeds, and use the probability to interpolate linearly
between the two. A high likelihood of a pedestrian lowers the
recommended speed at that location. This produces a map
such as those on the right hand side of Fig. 10.

VI. EXPERIMENTAL RESULTS

In this section we describe the experiments carried out in
two different car parks to validate our metric and semantic
mapping algorithms, and the manner in which they evolve
together. The evaluation is split into two subsections, one
for the Stuttgart car park (Sec. VI-A), and the latter for the
Zurich car park (Sec. VI-B).

A. The Stuttgart Car Park

We have run the metric and semantic mapping pipelines
described in Sections IV and V using data from a car park in
Stuttgart. As a proof of concept, we drove the car manually
around the car park several times. This car park contains
164 parking spaces. The lighting conditions during the data
collection were consistent in the middle of the car park,



Fig. 6: The synthetic overhead image from the Stuttgart car park. The car park is larger and the image much cleaner than that of the Zurich car park, and

so is better suited to active learning.

Fig. 5: The graphical model used to represent the probability distribution of
pedestrians. White nodes x correspond to the set of discrete map locations.
Blue nodes x( represent values after applying the initial prior probability
on a subset of nodes according to their classification as parking spots,
pedestrian crossings, lanes, or other. Green nodes z correspond to the
observations of dynamic objects in a particular map location. Note that
a dynamic object could be observed multiple times (z41,242) at the same
location a, thus a node x, would updated with several observations.

becoming brighter closer to the long edges (which receive
more natural light). The synthetic overhead image does not
have too many undesirable artefacts (see Fig. 6).

We then use active learning to detect the parking spots
in the synthetic overhead image. In total, the user only
had to manually label 14 parking spaces over 6 rounds
of active learning to achieve a precision of over 0.93 (see
Fig. 7), which substantially reduces the human effort in such
a labelling task. In addition, if we were to map further floors
of this car park, the classifier learned from this floor could
be applied to those to make the process very easy for the
labeller. Note that the number of times the user accepts or
rejects the hypotheses returned by the classifier at each round
of training is not shown. This feedback is very quick and is
a negligible contributor to the labelling effort. A further note
is that the only negative examples in the training data were
rejected hypotheses from the classifier, thus at epoch 1 there
is only one negative: the vector 0.

In Fig. 8 we show some of the intermediary steps and
the final result of the road network generation algorithm
on the Stuttgart car park. In a totally unsupervised manner
(aside from choosing the parameters » and p for Algorithm
1) the entire road structure is extracted from the poses. This
road structure together with the parking spots could now be
used for autonomous driving. We also detect pedestrians and
process the dynamic map for this car park, but this is not
shown. For a demonstration of this, see Sec. VI-B.

B. The Zurich Car Park

For the evaluation of the improvement cycle and auto-
mated parking we use an underground car park in Zurich.

Precision
Cumulative number of hand-drawn boxes

Training rounds

Fig. 7: The precision of the parking space detections (blue) across active
learning loops. The cumulative number of hand-drawn labels is shown as
the dashed green line. Note that at each loop, the user specifies some of
the classifier hypotheses as correct and incorrect, and these are not shown
as they are much quicker to input than drawing new labels from scratch.

Fig. 9: The car park in Zurich. Note the difficult lighting conditions, resulting
in glare off the ground.

There are 80 parking spaces which vary in size depending on
their position relative to the edges and corners. The parking
spaces are delineated by yellow markers as shown in Fig. 9.
The car park is not planar; there is a drain running along
the centre, and the ground is hinged at this point all the
way to the edges. Some of the yellow lines on the floor are
omitted in favour of yellow columns, as pictured. There are
two pedestrian crossings, one is shown in the figure as yellow
hatching on the right.

The data are organised as follows: the car was driven
twice around the car park as an initial visit, and then there
were six subsequent ‘revisit’ loops. During each revisit loop,
pedestrians walk between the pedestrian crossings; in revisit
loops 1 to 3, they walk along the right-hand pedestrian
crossing, and then in loops 4 to 6 they walk along the left-
hand pedestrian crossings, as shown in the left hand side of



(a) The fully connected graph (b) The graph after one pruning (c) The finished graph at the end (d) The lanes as calculated by

(Algorithm 1, lines 1 to 12). loop (Alg. 1, lines 13 to 25).

of Alg. 1.

Alg. 2.

Fig. 8: The process of calculating the road network using the method from Sec. V-B applied to the Stuttgart car park.
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Fig. 10: On the left, the red dots represent projections of the detected
pedestrians into the static map. On the right, the evolution of the dynamic
map as more pedestrians are detected. In the dynamic map, blue represents
lower danger (higher speed) and yellow represents more danger (higher
speed). The top dynamic map is calculated using only the prior over
pedestrians given the static map.

Fig. 10.

We then use these loops to emulate the process in Fig. 2:
the first map (comprising both metric and semantic compo-
nents) is created using the initial run, then as we go around
the evolution cycle, the next map comprises the initial loop
plus the 1% revisit. The third map comprises the initial run,
the 15 and 2™ revisits, and so on. In total we have seven
maps, each more informed than the previous one.

Because we want to minimise the human labelling effort,
we only label the parking spaces and pedestrian crossings
once, in the base map. The synthetic overhead image used
for creating those labels is shown in Fig. 11. However,
because the labels are associated with the vehicle positions
from which they were visible in the images, the changes in
the metric map shifts the global positions of those semantic
labels as the maps evolve. This evolution process is shown

Fig. 11: The synthetic overhead image of the Zurich car park.
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Fig. 12: The evolution of the semantic map through the original drive, and
the first revisit. The parking spaces are the orange rectangles, lanes are in
blue and the intersections are purple circles. Notice that the top and middle
rows of parking spaces shift visibly from (a) to (b) as the changes in the
metric map propagate through to the positions of the semantic labels.

in Fig. 12. Note that the overhead image for the Zurich
car park is much more distorted and blurry than the one
for the Stuttgart car park. This reduces the effectiveness of
active learning, and generally the human will have to do more
manual labelling if this is the case. Secondly, the positions
of the semantic labels do visibly change between the first
and second maps in Fig. 12.

Next we use the first four maps to test the repeatability of
the autonomous parking system. We performed the following
actions:

1) The car is driven to a point 20m away from the desired
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Fig. 13: The positions of the five autonomous parking manoeuvres of the
vehicle in map for maps O to 3. Map O comprises the initial drive, then
map 1 includes both the initial drive and the 1% revisit, then map 2 includes
those for map 1 plus the 2" revisit, and so on. The displacement between
the parking centres and the position of the parking spot (at the origin) is due
to the difference between the vehicle centre and the centre of the parking
spot.

parking location, then

2) The car localises itself in the metric map and uses the
semantic map to drive autonomously along the lane
and park in the parking space.

3) Next, the car is manually driven out of the parking
space to the same starting location 20m away, and the
process is repeated for a total of five times per map.

Calculating the ground truth of localisation systems for
mobile platforms is an open problem, so we have done
this by estimating the position of the vehicle relative to
a chequerboard at a fixed position in the car park which
is visible in the camera images. The parking positions are
shown in Fig. 13. This shows that despite the fact that the
metric maps are recalculated in an unsupervised manner and
the positions of the semantic labels shift acoordingly, the
parking accuracy is very consistent, with a significant cluster
of points within 0.13m and the few outliers never varying by
more than 0.3m. We attribute these outliers to errors in the
odometry, and the fact that the parking planner plotted a bad
course for the vehicle during one of the parking manoeuvres
during the first revisit.

Evolution of the speed map: During the initial drive there
are no pedestrians in the car park, but during each revisit
there are pedestrians walking along the pedestrian crossings.
Using the same active learning framework explained in
Sec. V-A.2 applied to the raw camera images, we detect
these pedestrians and then using the method detailed in
Sec. V-C we update the dynamic map. This dynamic map
represents the recommended driving speed for subsequent
visits to the car park. In Fig. 10 we show the positions of
the pedestrians as red points on the left, and the evolution of
the dynamic map on the right. It is also convenient that as
we see more pedestrians, the classifier becomes increasingly
good at detecting them, thus reducing the human labelling
effort as time goes on.

VII. CONCLUSIONS

We have presented a functioning end-to-end system which
provides a solution to the question of how metric and
semantic maps should be fused together. This approach has

been framed within with principle that maps should be

continuously improving as an autonomous vehicle revisits
previously explored locations. We have shown that parking
accuracy using these maps is consistently good as these re-
visits and map refinements take place. The whole framework
is streamlined in terms of reducing the human supervision
effort, while maintaining the high degree of accuracy re-
quired for autonomous operation. We have demonstrated the
stability of the system on two car parks as part of the V-
Charge project.
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Abstract

In robotics, the use of a classification framework which produces scores with inappropriate confidences will ultimately
lead to the robot making dangerous decisions. In order to select a framework which will make the best decisions, we
should pay careful attention to the ways in which it generates scores. Precision and recall have been widely adopted as
canonical metrics to quantify the performance of learning algorithms, but for robotics applications involving mission-
critical decision making, good performance in relation to these metrics is insufficient. We introduce and motivate the
importance of a classifier’s introspective capacity: the ability to associate an appropriate assessment of confidence with
any test case. We propose that a key ingredient for introspection is a framework s potential to increase its uncertainty with
the distance between a test datum its training data. We compare the introspective capacities of a number of commonly
used classification frameworks in both classification and detection tasks, and show that better introspection leads to
improved decision making in the context of tasks such as autonomous driving or semantic map generation.
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1. Introduction large costs, it follows that when our classifiers make mis-
takes they should do so only with high uncertainty.

For example, a classification error can occur when the
classifier is presented with a test datum which is unlike
anything it saw during training. This could be as a result of
the training set not containing the true class of this test
datum, or because it is a new viewpoint of an existing class.
In the context of autonomous driving, the same parked car
can appear very differently given changing weather or time
of day. These new and unusual test data are common in
practice since the training data can never be fully represen-
tative of the continually evolving and complex environ-
ments in which our robots operate. In this situation, we
argue that the appropriate response is for our classifier to
respond with high uncertainty.

There is a tendency to choose one particular classifica-
tion framework over another based on the standard metrics

In robotics, the outputs of our classification frameworks
are intended to be used to make decisions. We want the
output of a classifier to help the robot decide whether to
stop at a traffic light, whether to slow down in front of a
pedestrian, or how to populate a semantic map. The pro-
cesses by which we go from data to decision must be very
carefully examined not least when our robots’ behavior can
impact the safety of humans sharing their workspace.

A common way to improve a robot’s interactions is to
give it prior information in the form of a semantic map,
informing the robot about how its environment behaves
and how it can interact with it. In almost all safety-critical
applications these maps are hand-made, because the current
state-of-the-art solutions to automatic mapping are not
robust enough to ensure the high quality of maps required
for safe, autonomous robot operation.

Following classical decision theory, in situations where
a poor choice of action can incur a large cost (e.g. driving
forwards into another vehicle, or incorrectly placing a par-  'Mobile Robotics Group, Oxford University, Oxford, UK
ticular semantic label in a map), a robot will only choose “Technical University of Miinchen, Miinchen, Germany
that action if its classifier is supremely certain. In practice, .

o . Corresponding author:
we see that commonly used classification frameworks can Hugo Grimmett, Mobile Robotics Group, Oxford University, 23 Banbury
assign extremely high certainty or confidence to classifica-  Road, Oxford OX2 6NN, UK.
tions which turn out to be incorrect. In order to avoid these  Email: hugo@robots.ox.ac.uk
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Fig. 1. False-negative classifications lead to decisions which can
have terrible consequences. The histogram shows the number of
catastrophic decisions made by various classifiers across three
data sets. Here, false negatives are instances where a classifier
incorrectly asserts that p(obstacle) < 107>, The commonly used
linear and non-linear Support Vector Machines (SVM) make 44
and 17 catastrophic decisions respectively out of a total of
11,000, which may seem low, but these represent potential losses
of life. The last four classifiers comprise three based on Gaussian
Process Classifiers (GPC), and Random Forests, which all made
zero catastrophic decisions: a perfect score. To the right of the
histogram are examples of when the other classifiers elected to
drive forward when they mistakenly believed the way was clear
(pedestrians comprised one of the three data sets, the others
being cars and traffic lights).

of classification: precision and recall. Here we show that
these are insufficient to characterize whether a classifier
will provide appropriate uncertainties. Without these appro-
priate uncertainties, our robots are doomed to make the
costly and potentially catastrophic decisions shown in
Figure 1.

Therefore, rather than using a classifier which makes
correct and incorrect decisions with similarly high confi-
dence, it is preferable to use a classifier which makes mis-
takes only with high uncertainty, and correct classifications
with high certainty. Hence, we seek classifiers with the
capacity to adjust the confidence of a particular classifica-
tion on the basis of how ‘qualified’ they are given their
own prior knowledge, embodied by their training data. If a
classification framework leads to an overconfident estimate
of the class label, then the entire decision-making process
may be ineffective. Our work investigates this introspective
capacity in a number of classification frameworks com-
monly used in robotics: the Support Vector Machine
(SVM), LogitBoost, the Random Forest, the Gaussian
Process Classifier (GPC), and the Informative Vector
Machine (IVM). We use the term ‘introspective’ to describe
a classifier that gives appropriate probabilities, thus making
true classifications with confidence and mistakes only with
high uncertainty.

We carefully examine how these classification frame-
works use the distance between training and test data to
moderate the confidence in a classification. Intuitively, a
test datum which is far away in feature space from the
training data is more likely to be misclassified than one
which lies in the middle of a dense cluster from one class,
and thus the classification should be made with greater
uncertainty. Most classification frameworks make use of a
model, such that instead of calculating a distance from the
test datum to all of the training data, they calculate a dis-
tance between the test datum and the model (which can be
further affected by the use of a kernel, effectively warping
the feature space). Therefore, the choice of model and the
measure of distance greatly affect the uncertainty with
which classifications are made. Some frameworks consider
one single discriminant to separate the classes, while others
average over a variety of possible discriminants. The results
we present indicate that the latter tends to be characteristic
of classifiers with a better sense of introspection, as a result
of their ability to predict the variance from the responses of
the individual discriminants for a test datum.

The key contributions of this work are:

e the concept of a classifier’s introspective quality,
regarding how it expresses the relevance of its prior
information when making detections;

® a comparison of how commonly used classification fra-
meworks generate probabilities, and insights regarding
whether they are likely to display introspective qualities
from a theoretic standpoint;

e results to show the introspective behavior of those clas-
sification frameworks when applied to tasks commonly
tackled in robotics, such as classification and detection;
and

e the further application of those classifiers to decision-
making problems, and results which indicate that intro-
spective classification leads to better decision making;
this motivates the opinion that considering the intro-
spective quality of classification frameworks is critical
in robotics.

All of the above are evaluated using publicly available
data sets which are relevant to mobile robotics. Some of this
work appeared in Grimmett et al. (2013). Here we present a
more detailed treatment of the concepts and substantial eva-
luation on two additional publicly available data sets, along
with the important implications of introspection in terms of
decision making.

We start by offering a theoretical insight into why some
classification frameworks may exhibit greater introspective
qualities than others. We do so by examining the methods
by which commonly used algorithms generate probabilities
(Section 3), and specifically detailing the key methods for
the classifiers we are comparing (Section 4). Then we
demonstrate the various behaviors of those classifiers in
several scenarios related to autonomous driving. We con-
sider the similar but nuanced cases of classification
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(estimating the likelihood that an image contains one par-
ticular class of object over another, Section 5.3) and defec-
tion (estimating the likelihood that an image contains one
privileged class of object over a background class compris-
ing all other classes, Section 5.4). Finally, we demonstrate
the behavior of the classifiers in terms of decision making
(in Section 5.5). As we vary the relative costs of false-
positive and false-negative errors, and we show that the
GPC-based classifiers and Random Forests act most appro-
priately and consistently as the costs become increasingly
imbalanced, in a way that is faithful to the spirit of the cost
function.

2. Related work

For a number of years now robots have routinely consumed
higher-order abstractions from raw sensor data. Successful
applications are as diverse as the detection of ground traver-
sability (e.g. Thrun et al., 2006), the detection of lanes for
autonomous driving (e.g. Huang and Teller, 2010), the con-
sideration of classifier output to guide trajectory planning
and exploration (e.g. Meger et al., 2008; Velez et al., 2011)
or the active disambiguation of human—robot dialog (Tellex
et al., 2012). These works commonly exploit classification
output on a model-trust basis; systems are optimized with
respect to precision and recall, and egregious misclassifica-
tions (including vastly overconfident marginal distributions
obtained from some classification frameworks) are accepted
as par for the course. However, the suitability of the classifi-
cation framework employed with respect to its introspective
capacity has not previously been considered in robotics.
Thus, we consider motivating, defining, and investigating
introspection in a robotics context to be the primary contri-
bution of our work.

The concept of introspection as introduced here is
closely related to considerations in active learning, where
uncertainty estimates and model selection steps are often
employed to guide data selection and gathering for an
incremental learning algorithm. Kapoor et al. (2010), for
example, present an active learning framework for object
categorization using a GPC where classifications with large
uncertainty (as judged by posterior variance) lead to a
query for a ground-truth label and are subsequently used to
improve classification performance. Joshi et al. (2009)
address multiclass image classification using SVMs and
propose criteria based on entropy and best-versus-second-
best measures (see Section 3.2) for disambiguating uncer-
tain classifications. Holub et al. (2008) propose an
information-theoretic criterion that maximizes expected
information gain with respect to the entire pool of unla-
beled data available. Hospedales et al. (2013) discuss opti-
mizing rare class discovery and classification using a
combination of generative and discriminative classifiers. In
the related field of reinforcement learning, Li et al. (2008)
present a general framework which determines whether
enough labeled data have been provided to constrain certain

problems. If the learners space of solutions is insufficiently
constrained such that its output cannot be guaranteed to be
within € of the true solution with probability 1 — 6, it asks
for more labeled data. This accuracy guarantee is the same
for both false-positive and false-negative errors, and thus
the framework is not appropriate for situations in which
costs associated with those errors are imbalanced. In the
context of autonomous systems, the costs are commonly
imbalanced.

Our treatment of introspection is further informed by an
ongoing discussion in the machine learning community
regarding how best to account for variance in the space of
feasible classifier models when training on, essentially, an
incomplete set of data. For example, Tong and Koller
(2002) present an incremental algorithm for text classifica-
tion using SVMs and the notion of a version space, the set
of consistent hyperplanes separating the data in a feature
space induced by the kernel function. Zhang et al. (2012)
introduce a max-margin classifier achieving better generali-
zation to unseen test data given a limited training corpus.
Here, distinctiveness of training instances is assessed using
the local classification uncertainty. A global classifier then
incorporates these uncertainties as margin constraints,
yielding a classifier that places less confusing instances
farther away from the global decision boundary. We share
the intuition that accounting for variance in version space
when selecting a model leads to an increased introspective
capacity. As a secondary contribution, therefore, our results
serve to further corroborate this intuition.

The semantic mapping of a robot’s workspace has
become a popular line of research in recent years. A rich
body of work now exists in which semantic labels are gen-
erated based on a variety of sensor modalities and classifi-
cation frameworks (e.g. Anguelov et al., 2005; Douillard
et al., 2008; Martinez-Mozos et al., 2007; Paul et al., 2012;
Posner et al., 2009; Pronobis and Jensfelt, 2012; Sengupta
et al., 2012). We consider introspection to be paramount to
reducing the human effort required to automatically gener-
ate semantic maps which we can then use for autonomous
operation.

Niculescu-Mizil and Caruana (2005) recognize that the
question of whether the probabilities produced by various
classification frameworks are appropriate is important, a
sentiment we clearly share. They conclude that poorly cali-
brated frameworks (in a probabilistic sense) can be effec-
tively corrected using an additional learned calibration
using either Platt’s method or isotonic regression. They find
Random Forests to perform well pre-calibration (although
they did exhibit a tendency to be underconfident, consistent
with our findings), and that SVMs perform well after post-
calibration. They associate the need for further calibration
specific to the classifiers using max-margin optimization,
rather than the treatment of distances in feature space and
the distribution of models over version space, as we do.
They also do not explore the effects of making decisions
using these probabilities.
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Fig. 2. An illustration of the two types of classification frameworks considered: (a) during training a single model is selected to
classify an unknown datum x, some way removed from the training data; (b) training leads to a distribution over models which is
considered entirely to arrive at the final prediction. This illustration is for the family of linear models (indicated by solid (a) and
dashed (b) lines). Each predictor is further annotated with its individual prediction. The overall predictive distribution is shown in the
bottom right of each subplot. The shading in part (b) indicates the probability weights associated with individual models. Darker
regions contain more weight. Note that the overall predictive distribution in (a) stems from the single model used and is, in this case,
inappropriately confident. In part (b), however, the overall predictive distribution is moderated by computing the expectation over all
models. This gives rise to a much more appropriate uncertainty estimate: the introspective quality we seek.

Berczi et al. (2015) have confirmed the introspective
power of GPCs over SVMs, employing them to avoid areas
of terrain for which the height may be misclassified.

3. Introspection, uncertainty, and decision
making

In this section we first describe a crucial property we expect
classification frameworks to require in order to be intro-
spective: marginalization over possible models (Section
3.1). Then we describe some measures of uncertainty, moti-
vating the use of normalized entropy as the most appropri-
ate measure (Section 3.2). We finish by describing a
manner in which to obtain decisions from probabilistic clas-
sification results, and motivate the practice of choosing out-
come costs directly rather than adjusting thresholds to
modify a robot’s behavior (Section 3.3).

3.1. Introspective capacity

Introspection concerns not the final class decision but
rather the confidence with which this decision is made.
The concept is motivated by the desire to take appropriate
action when a classifier indicates high uncertainty. Our
approach to introspection is grounded in the fact that the
often-cited assumption of independent and identically dis-
tributed (iid) training and test data is routinely violated in
robotics; in the limit of continuous operation in the real
world, one-shot classifier training is rarely performed on a
complete (or even fully representative) set of data.

Let a classifier map an input x € RY to one of a set of
classes C={Cy, ...,C.} via an associated label y € {1,
..., ¢}, where ¢ is the number of classes. Prior to training,
domain-specific knowledge is often used to constrain the
family of classification models employed (for example in
the form of a kernel or a type of base classifier). Classifier

training then involves learning a set of (hyper)parameters
given a training data set {X, J}, where X = {xy, ..., Xy}
denotes the set of N feature vectors and ) denotes the set
of corresponding class labels. The training data implicitly
give rise to a probability distribution over the set of all pos-
sible models (or iypotheses) within the chosen family, M,
such that

{X, Y} — p(m|X,Y), meM (1)

With a slight abuse of notation, m here denotes any mem-
ber of the family of possible models, M. In the following
we make this relationship explicit by conditioning on both
a model (or family of models) as well as on a test datum x.
Typically, training leads to the selection of a single model,
m from M such that a prediction y, for a new, unseen fea-
ture vector X, is obtained by approximating

P X, V. X)) = p(yi|m, x.), me M 2)
This is illustrated in Figure 2(a). Common examples of this
type of classification framework include SVMs and
Boosting classifiers, where an optimization is performed to
select the best model given the training data (see Section
4). The iid assumption here is inherent since it is assumed
that m remains the best model for all predictions of unseen
data. Breaking this assumption therefore often renders the
chosen model suboptimal.

An alternative to the single model approach is a classifi-
cation framework which takes into account the entire set of
possible models in the specified family conditioned on the
training data, such that

PO|X, V. X0) = p(y| M, X.) 3)

This case is illustrated in Figure 2(b). Here the shading
indicates the distribution p(m|X,)) with darker shades
indicating increased probability. To aid intuition,
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Fig. 3. Normalized entropy and best-versus-second-best as
measures of uncertainty in the binary classification case.

predictions of four randomly selected members of M are
also illustrated. Final predictions are made by taking into
account opinions from all members of M, often via the
computation of an expectation such as for a GPC (see
Section 4). Crucially, when considering an expectation over
all of M, the increased variance in feasible (and therefore
likely) models at a distance from the training data leads to
a moderation of the class predictions.

Between the two extremes lies the Random Forest,
which chooses a number of differing samples from M, and
averages over the responses from these.

We believe that this marginalization over plausible mod-
els in version space is a key component of an introspective
classifier.

3.2. Characterizing uncertainty

In order to characterize the introspective capacity of a clas-
sification framework, a well-tempered measure of the inher-
ent uncertainty in the classification output is required. For
this purpose, we use an information-theoretic quantity
known as normalized entropy, Hy, defined as

Hx= =Y pr=C|x)logp(y=Ci|x)]  (4)

i=1

This is equivalent to the Shannon entropy measure nor-
malized by its maximum, which is the entropy of the c-
dimensional uniform distribution, log(c) . The result is a
measure ranging between 0 and 1 where a higher value
indicates greater uncertainty in the classifier’s belief, as
shown by the blue curve in Figure 3.

An alternative uncertainty measure proposed in the
active learning literature is the best-versus-second-best
(BvSB) heuristic (Joshi et al., 2009) which equals one
minus the difference between the largest and the second
largest class likelihood estimates, as shown by the orange
curve in Figure 3. This measure attempts to characterize the
reliability of the maximum likelihood estimate rather than
encoding the shape of the full distribution over class labels.

The BvSB and normalized entropy measures are closely
related in the binary classification setting, which is that of
this paper. We use normalized entropy throughout the
remainder of this work for two reasons: first, it is formed
from an information-theoretic point of view, compared to
BvSB which is an ad hoc heuristic; second, in multiclass
settings it considers the entire distribution over classes,
rather than BvSB which only takes into account the two
classes with the highest probability.

3.3. Decision making

Autonomous robots typically have at their disposal a set of
actions, each of which is appropriate to particular situa-
tions. The difficulty lies in choosing which action to per-
form when there is uncertainty about the state of the world.
Following standard decision theory (LaValle, 2006), we
calculate the expected loss of performing a particular action
when we have a set of likelihoods for each state of the
world (p(C1), p(C), - .., p(Ci))), defined as

|

L@)= ) L(a,C)p(C) (5)

i=1

where L(a, C;) is the cost or loss associated with each
potential outcome. We then choose to perform the action a
which minimizes this expected loss.

For our decision-making experiments, we later consider
a simple scenario in which there are two states the world
can be in: either there is an object in the way (C,, e.g. a
pedestrian, car, or traffic light), or there is not (C;). There
are also two available actions a € {stop, go}. We wish our
robot to stop if there is an object in its path, or go if the way
is clear. The losses will vary from application to applica-
tion, but in the case of autonomous driving it is sensible to
associate a very high cost to performing the go action when
there is in fact an object in the way (C,), resulting in a colli-
sion, and a lesser cost to performing the action stop when
the path is clear (C)), resulting in an unnecessary delay.
While inefficient, this false-positive error is more desirable
than running a red light or colliding with another vehicle.
Interestingly, in the case of driver assistance systems (e.g.
automatic emergency braking) the costs are reversed: the
loss associated with a false positive (an unnecessary emer-
gency stop) is very large, and a false negative (a missed
opportunity to perform an emergency stop) is a less unde-
sirable outcome. In Figure 4(a) we show the expected losses
of the two actions when there is equal cost associated with
each type of error. We can see that the intersection between
the two lines occurs at p(C) = p(C,) = 0.5. As we increase
the cost of a false negative (performing the go action when
there is a person, C,), the range of detection probabilities
p(C,) which result in a go action reduces, as seen in Figure
4(b). Since an introspective classifier is uncertain when it
makes mistakes, the errors will be close to p(C,) = 0.5 as
the teal distribution in Figure 4(c), and so those errors will
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Fig. 4. (a) We have set equal cost to a false positive (take the stop action when there is, in fact, no person: C;) and a false negative
(take the go action when there is a person: C5). The expected losses from the two actions meet at p(C;) = p(C,) = 0.5, and choose the
action which minimizes the expected loss. (b) We have made the cost of a false negative three times the cost of a false positive, which
reduces the probability region for which we choose the go action. By increasing the cost of accidentally hitting a pedestrian, we are
trying to create a more cautious system, which will take the sfop action more of the time. (c) A more introspective classifier (teal) will
make most of its mistakes with high uncertainty, when p(C5) is near 0.5. Less introspective classifiers (purple) will make mistakes
with low uncertainty. (d) As we grow the orange box outward from the center, we can calculate how many errors are contained for a
particular distribution in (c). (¢) We show the result of plotting the number of errors contained as we grow the orange box for the two
idealized classifiers in (c). The teal (more introspective) classifier catches more errors when the box is small than for the purple (less
introspective) classifier. It also reaches a steady state because there are very few errors around p(C;) = 0 and p(C,) = 1, when the
classifier is confident.

largely be subsumed by the sfop action. A less introspective
classifier will make more mistakes near the extremes of the
class marginal spectrum (purple in Figure 4(c)) and so more
of those errors will occur in the go region, resulting in a
greater prevalence of very expensive errors.

Thus, ideally, as we make the cost of a false negative
much greater than that of a false positive, our classifiers
become more and more cautious, employing safer actions
and incurring less overall cost. Crucially, this relies upon
the assumption that most of a classifier’s mistakes lie in the
middle of the probability spectrum. Another way to charac-
terize the desirable introspective property is to consider the
proportion of the errors contained in some window around
p(Cy) = 0.5, represented by the orange box in Figure 4(d).
As we increase the half-length of the box from 0 to 0.5, we
would like the proportion of errors to increase quickly, and
then stabilize as we encompass the regions of high confi-
dence, represented by the teal curve in Figure 4(e). A less
introspective classifier would have errors near p(C,) = 0 or
p(Cy) =1, and so the contained errors would resemble the
purple curve in Figure 4(e). We will present curves resem-
bling these for each classifier from real data in Section 5.5.

Often, the temptation is to tune the costs to steer the
robot towards the ‘desired’ behavior. Instead, we ought to
focus on whether the costs are correct (because it is usually
easier to quantify these than a probability threshold) and
allow the decision theory to choose the behavior which is
true to the spirit of the cost function. This is only possible
if the probabilities and uncertainties supplied by the classi-
fication frameworks are sensible.

4. Classification frameworks

We now present a brief overview of the specific classifica-
tion frameworks considered in this work: SVMs,
LogitBoost, Random Forest, GPCs, and the IVM. The
implementations of these are all off-the-shelf, using popu-
lar libraries detailed in each subsection. The goal is not to
find the most accurate classifier, but rather to examine the
consistency of the confidences with which certain deci-
sions are made. We believe that this consistency in choos-
ing the appropriate decision given the potential losses is an
often-ignored and paramount characteristic of classification
frameworks, and that in the context of safety-critical tasks
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it could be worth accepting a decrease in accuracy if it
results in an increased introspective consistency. In the fol-
lowing descriptions of the frameworks, we focus on proper-
ties pertinent to introspection, specifically how the use of
distance between data affects the classification confidence,
and what type of models they use. For simplicity, but with-
out loss of generality, this work considers predominantly
binary classification such that C={Cj, C,}. For consis-
tency we adhere to notation commonly found in the litera-
ture where a discriminant function is often denoted as f{-).
We note that this is equivalent to a particular model m as
described in the previous section.

4.1. Support vector classification

SVM classification is well established in robotics so that
here we provide only an overview. For a detailed account
the reader is referred to e.g. Burges (1998). SVMs are
based on a linear discriminant framework which aims to
maximize the margin between two classes. The model para-
meters are found by solving a convex optimization prob-
lem, thereby guaranteeing the final classifier to be the best
feasible discriminant given the training data. Once training
is complete, predictions on future observations are made
based on the signed distance of the observed feature vector
from the optimal hyperplane, defined by the weight vector
w and bias wy, such that

N
SE)=wlb(x) +wo= Y ayk(xix)+wo  (6)

i=1

where N is the size of the training set, «; refers to a
Lagrange multiplier associated with datum 7, w, denotes a
bias parameter, ¢ refers to the feature map, and i(x;, X;)
denotes the kernel function.

The parameters «; and w, characterizing the discrimi-
nant function are obtained by an optimization procedure,
and «; is then non-zero only for support vectors x;. The
SVM algorithm selects a particular weight vector (as
defined by the support vectors), which gives rise to a maxi-
mum margin separator.

The kernel function amounts to a scalar product between
two data, which have been transformed from d-dimensional
feature space into some higher dimensional space. The
nature of this mapping between spaces is inherent in the
choice of kernel and need not be specified explicitly (the
kernel trick). The regularization and kernel parameters are
learned using 10-fold cross-validation. We discuss our
choices of kernel function in Section 4.6.

In its original form, the SVM classifier output is an
uncalibrated real value. A common means of obtaining a
probabilistic interpretation is by using Platt’s method (Platt,
1999). This algorithm was later improved by Lin et al.
(2007) and is implemented in the library we use for all
SVM training, calibration, and testing, LIBSVM (Chang
and Lin, 2011). Here, using a hold-out set not used for

classifier training, a parametric sigmoid model is fit
directly to the class posterior p(y« = C,|f(x+)), such that

1
1+ exp (4f (x.) + B)

PO =Gl (x)) = (7)
The sigmoid parameters 4 and B are determined using
Newton’s method with backtracking line search. Note that
class likelihoods are derived here using only a single esti-
mate of the discriminative boundary obtained from the clas-
sifier training procedure. No other feasible solutions are
considered. Hence, the predictive variance of the discrimi-
nant f{x) is not taken into account while determining prob-
abilistic output (Rasmussen and Williams, 2006). Although
there is no guarantee that the method converges, in general
it works very well and finds the global optimum owing to
the convexity of the objective function.

4.2. LogitBoosting classifiers

Boosting is a widely used classification framework which
involves training an ensemble of weak learners in sequence.
The error function used to train a particular weak learner
depends on the performance of the previous models
(Bishop, 2006). Each weak learner A(x) is trained using a
weighted form of the data set in which the weights depend
on the performance of the previous classifiers. Predictions
from a boosted classifier are obtained using a weighted
combination of the individual weak learner outputs such
that

M
sign(f(x,)) = sign (Z wihl(x*)) (8)

i=1

where M is the number of weak learners used.

LogitBoost (Friedman et al., 1998) is a popular choice
for a Boosting-based classifier as it natively outputs class
probability estimates following a calibration via a sigmoid.
Weak learners are often chosen to be decision trees and
training is conducted by fitting additive logistic regression
models by stage-wise optimization (using Newton steps) of
the Bernoulli log-likelihood. The algorithm works in the
logistic framework and yields a predictor function f(x)
learned from iterative hypothesis training. Cross-validation
is used to set parameters like the learning rate, tree depth,
and the number of Boosting rounds. The class-conditional
probabilities are obtained from the predictor function via

_ exp (/(x.))
exp (F(x) + exp (—/(x.)

which is the same sigmoid used in the SVM in Section 4.1
with parameters 4 = —2 and B = 0. The procedure pos-
sesses asymptotic optimality as a maximum likelihood pre-
dictor (Friedman et al., 1998; Hastie and Tibshirani, 1986).
However, the method of converting the output of the predic-
tor function to class-conditional probabilities is not fully

PO+ =Ci]X.)

©)
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probabilistic and does not account for variance in the under-
lying predictor function. In our experiments we use 500
learners for training. Throughout this work we use the
MATLAB implementation of LogitBoost for classifier
training and testing.

Because the LogitBoost classifier ultimately settles on a
single decision boundary across the input space, we expect
that it will suffer from the same introspective issues as the
SVM.

4.3. Gaussian process classification

Binary classification using a Gaussian process (GP)
(Rasmussen and Williams, 2006; Williams and Barber,
1998) is formulated by first introducing a lafent function
f(x) and then applying a sigmoid function ® (similar to the
sigmoid described in Section 4.1, except that the predictive
variance of the GP is used as well as the predictive mean)
to obtain the prediction p(y« = Ci|xx) = D(fix+)). A GP
prior is placed on the latent function f(x)~GP(u(x),
k(x,x’)) characterized by a mean function w(x) and a cov-
ariance (or kernel) function k(x, x’). GPC training estab-
lishes values for the hyperparameters specifying the kernel
function & by maximizing the log marginal likelihood of
the training data.

Probabilistic predictions for a test point are obtained in
two steps. First, the distribution over the latent variable cor-
responding to the test input is obtained using

P(f1X.Y.x) = / P X Np(fIX.D)f (10)

where p(f]X, Y) = p(V|f)p(f|X)/p(V|X) is the posterior
distribution over latent variables. This is followed by mar-
ginalizing over the latent f, to yield the class likelihood

p()& = C1|X, y’ X*) as

PO =Gl Y, x) = / P Yx)d (1)

Exact inference is analytically intractable due to the sig-
moid likelihood function. Instead, we leverage Expectation
Propagation (EP) (Minka, 2001), a method widely used for
this purpose.

The GPC framework offers two key benefits over the
other approaches discussed here (Rasmussen and Williams,
20006). First, the classification output has a clear probabilis-
tic interpretation as it directly results in the class likelihood.
In contrast, neither the SVM nor the Boosting framework
provides an inherently probabilistic output in the Bayesian
sense, but instead estimates a suitable calibration. Secondly,
and crucially, the GP formulation addresses uncertainty or
predictive variance in the latent function f(x) via marginali-
zation (or averaging) over all models induced by the train-
ing set resulting in the estimate p(y. = C;|X, ), x.) from
equation (11). This process also gives rise to the well-
known property of increased variance while far away from

the data in GP regression. Again, this is in contrast to the
SVM or boosting estimate p(y = Ci[f, X,) that relies on a
single-discriminant estimate f : X — Y learned via mini-
mization. In the context of introspection, the ability to
account for predictive variance is a key advantage of
Bayesian classification approaches. Throughout this work
we use the Gaussian Processes for Machine Learning
(GPML) toolbox (Rasmussen and Nickisch, 2010) for GPC
training and testing.

4.4. The informative vector machine

A key drawback of a GPC is its significant computational
demand in terms of memory and run time during training
and testing, more than any of the other frameworks consid-
ered here. This is due to the fact that the GP maintains a
mean p, as well as a covariance matrix %, which is com-
puted from a kernel function and is of size N X N. A num-
ber of sparsification methods have been proposed in order
to mitigate this computational burden. For efficiency, in
this work we adopt one such sparsification method: the
Informative Vector Machine (IVM) (Lawrence et al.,
2003). The main idea of this algorithm is to only use a sub-
set of the training points denoted the active set, 7, from
which an approximation g(f]X,y) =N (f|u, ) of the pos-
terior distribution p(f1X, y) is computed. The IVM algo-
rithm computes p and X incrementally, and at every
iteration j selects the training point (X;, );) which maxi-
mizes the entropy difference Al between ¢, and ¢; for
inclusion in the active set. As ¢ is Gaussian, AHj can be
computed by

AHy = —%10g|2jk|+ %log{2j4| (12)
‘We use an efficient form of this, the details of which can be
found in Lawrence et al. (2005). The algorithm stops when
the active set has reached a desired size. We choose this
size to be a fixed fraction ¢ of the training set, which we set
to be 0.4. Throughout this work we use the [IVM MATLAB
toolbox (http://staffwww.dcs.shef.ac.uk/
people/N.Lawrence/mltools/) for both training
and testing.

To find the kernel hyperparameters 6 of an IVM, two
steps are processed in a loop for a given number of times:
estimation of Z from @ and minimizing the marginal likeli-
hood ¢(y|X), thereby keeping Z fixed. Although there are
no convergence guarantees, in practice a small number of
iterations is sufficient to find good kernel hyperparameters.

Importantly for our work, since inference with the IVM
is similar to that with a GPC, the IVM retains the model
averaging described in equation (11). We argue, therefore,
that the IVM provides a significant and well-established
improvement in processing speed over a GPC while main-
taining its introspective properties (see Section 5 for
details).
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4.5. Random Forests

Random Forests (Breiman, 2001) are made up of an ensem-
ble of decision trees generated via bagging. Bagging (a
portmanteau of ‘bootstrap aggregating’) involves creating
multiple classifiers using different subsets of some aspect
of the training data, in this case two aspects are bagged
simultaneously: the training data, and the feature dimen-
sions. During testing, the output p(C5) is the fraction of the
individual trees which classified the datum as being from
that class.

The trees contain multiple binary nodes or branches,
each of which thresholds on a particular feature dimension
of the data, learning the threshold which helps split the
training data into the two classes. We have set each tree to
use a number of feature dimensions equal to the square root
of the total number, as recommended by the literature, with
a total of 500 trees. Throughout this work we use the
Bagged Decision Tree functions in the MATLAB statistics
toolbox (which is an implementation of Random Forests)
for both training and testing.

This combination of many differing decision boundaries
(one boundary per tree) represents a sampling and then
averaging over the version space, similar to the marginali-
zation over version space which takes place in the GPC. A
crucial difference is that in the GPC, each possible model
is weighted by its likelihood, and in Random Forests each
tree is weighted equally. However, these trees are carefully
selected to separate the chosen subset of training data, so
this biasing is in a sense a {0, 1} weighting. This could be
thought of as sampling 500 decision boundaries from the
shaded region in Figure 2(b) and taking an expectation over
their responses. This suggests that they should behave in a
more introspective manner than the other single-
discriminant frameworks like LogitBoost or SVMs, but
perhaps a more sensitively weighted combination of the
trees could perform better.

4.6. Kernel types

Evaluation of the discriminant function for an SVM and the
covariance matrix for GPC inference requires the specifica-
tion of a kernel function, (-, -). A rich body of literature
exists on different choices of kernels for both frameworks.
However, since our focus here is on a like-for-like compari-
son of different classification frameworks we choose two
representative kernels rather than performing exhaustive
model selection to optimize performance for a particular
application. Firstly, as an example of the simplest kernel
function available, we consider the linear kernel defined as

(13)

where 7 is a constant real number. The linear kernel is an
apt choice where a linear separation of the data in feature
space leads to adequate performance, or where computa-
tional efficiency is of the essence. Often, however, a more
sophisticated, non-linear kernel is required. In this category

kpin(xi, Xj) = XI»TXJ' +r

we use the Squared Exponential (SE) function as a canoni-
cal representative. The SE kernel with length scale para-
meter / is defined as

1 2
kse(Xi, Xj) = CXP<—ﬁHxi — x| ) (14)
In the context of an SVM, the SE function is more com-
monly known as a Radial Basis Function (RBF).

5. Experimental results

Our experiments investigate the introspective capacity of
the classifiers introduced in Section 4 in settings relating to
autonomous driving. Specifically, we focus on two tasks:
the classification of cropped images of road signs, and the
detection of a salient class against a broad background
class. For the detection case, we repeat our experiments
across the three data sets detailed in Section 5.1, which
together contain traffic lights, cars, and pedestrians. In
investigating both classification and detection we aim to
address the full spectrum of applications commonly
encountered in robotics. Classification addresses the case
where a decision is made between two, well-defined
classes (e.g. two types of traffic signs). We investigate clas-
sifier performance when a third, previously unseen class is
presented. The detection case is arguably more common-
place, where a single class is separated from a broad (in
terms of intra-class variation) background class (which is
relevant in semantic mapping or detection). Here, the con-
cept of a previously unseen class does not exist explicitly:
the inherent assumption is that the data representing the
background class capture any non-class object likely to be
encountered. In practice this is rarely true, leading to a sig-
nificant number of novel instances which often result in
misclassification. While it could be argued that this issue is
ameliorated somewhat by expanding the data set used for
training, we propose that the complexity of the feature
space encountered during persistent, long-term autonomy
will keep perplexing even the most expansively trained
classifiers.

We then apply a decision-making process to the classi-
fiers trained for detection, and show how the quality of each
classifier’s decisions change depending on the values cho-
sen for the cost function.

We finish by examining the uncertainty with which each
classifier makes errors, and compare the idealized drawings
from Figure 4 to the real curves generated from each of the
three data sets.

5.1. Data sets

In order to demonstrate the consistency of the introspective
capacities of the various frameworks, we evaluate our
experiments on several commonly used data sets which
encompass several domains of robotics, namely the detec-
tion of various key classes on the road.



10 The International Journal of Robotics Research

Table 1. The seven classes of the German Traffic Sign Recognition Benchmark (GTSRB) data set considered in our work. The
numbers in brackets indicate the number of data available per class.

keep left
(298)

speed limit
(1980)

lorries prohibited
(420)

right ahead
(688)

roadworks ahead
(1500)

stop
(780)

Table 2. The parameters for the features for the TLR and GTSRB (using Torralba features) and the DP and KITTI data sets (using

HOG features).

Parameter TLR GTSRB DP KITTI
Cropped image height 30 32 96 26
Cropped image width 12 32 48 32
HOG cell size n/a n/a 10 10
No. of orientations n/a n/a 5 6
Final feature dimension 200 200 950 198

5.1.1. Traffic Lights Recognition. The Traffic Lights
Recognition (TLR) data set (http://www.lara.
prd. fr/benchmarks/trafficlightsrecogni-
tion)is a sequence of color images taken by a monocular
camera from a car driving through central Paris. The TLR
data set comprises just over 11,000 frames, in which most
of the traffic lights have been labeled with bounding boxes
and further metadata such as the status of the signal or
whether a particular label is ambiguous (e.g. the image suf-
fers from motion blur, the scale is inappropriate, or a traffic
light is facing the wrong way). A few traffic lights have
been omitted altogether. As recommended by the authors,
we exclude from our experiments any labels of class
ambiguous or yellow signal and any instances which are
partially occluded. We split the data set into two parts (at
frame 7200 of 11,178), with an approximately equal num-
ber of remaining labels in each part and with no physical
traffic lights in common. Positive data are extracted as
labeled. Negative background data are extracted by sam-
pling patches of random size and position from scenes in
the data set while ensuring that the patches do not overlap
with positive instances.

5.1.2. German Traffic Sign Recognition Benchmark. The
German Traffic Sign Recognition Benchmark (GTSRB)
data set (Stallkamp et al., 2012) comprises over 50,000
loosely cropped images of 42 classes of road signs, with
associated bounding boxes and class labels. From this data
set we specifically focus on the seven classes shown in
Table 1. The images are resized according to the para-
meters in Table 2, and then we use the Torralba features
from Section 5.2 for classification.

5.1.3. Daimler Pedestrian. The examples we use come
from the Daimler multicue-occluded Pedestrian data set
(DP) (Enzweiler et al., 2010), and we use the non-occluded
monocular intensity images. There are over 52,000 positive
and 32,000 negative examples split into training and test
sets. The images are resized according to the parameters in
Table 2, and then we use the HOG features from Section
5.2 for classification.

5.1.4. KITTI. The KITTI data set (Geiger et al., 2012)
comprises over 7400 non-sequential color images from a
camera pointing out from the front of a car driving through
a German city. The images come with ground-truth infor-
mation for vehicles, with up to 15 in each frame. The
images are cropped and resized according to the parameters
in Table 2, and then we use the Histogram of Oriented
Gradients (HOG) features from Section 5.2 for
classification.

5.2. Features

A rich body of work on the detection and classification of
road signs and traffic lights has established a successful
track record of template-based features for this purpose.
Specifically, we leverage the approach proposed by
Torralba et al. (2007) in which a dictionary of partial tem-
plates is constructed, against which test instances are
matched. A single feature consists of an image patch (rang-
ing in size from 8 x 8 to 14 x 14 pixels) and its location
within the object as indicated by a binary mask (4 x w pix-
els according to Table 2). For any given test instance, the
normalized cross-correlation is computed for each feature
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Table 3. The classification performance when separating stop signs from the lorries prohibited signs from the GTSRB data set. Note
that different class combinations were found to yield classifiers of similar quality.

Classifier Precision Recall Fi

VM 1.000 1.000 1.000
Non-linear GPC 1.000 1.000 1.000
Linear GPC 1.000 1.000 1.000
Non-linear SVM 1.000 1.000 1.000
Linear SVM 1.000 1.000 1.000
LogitBoost 1.000 1.000 1.000
Random Forest 1.000 1.000 1.000

in the dictionary. Therefore, per instance (or window, in the
detection case) a feature vector of length d is obtained,
where d is the size of the dictionary. We found empirically
that d > 200 leads to a negligible performance increase in
classification. Throughout our experiments we therefore set
d = 200.

For the Daimler Pedestrian and KITTI data sets, we
have chosen to use HOG (Dalal and Triggs, 2005) features
because the classes in question (pedestrians and cars,
respectively) have much greater variation than traffic lights,
and so a gradient-based feature method performs better
than a template-matching-based method, which is more
appropriate for classes with consistent appearance. We use
the implementation in vifeat (Vedaldi and Fulkerson, 2010)
and use the parameters detailed in Table 2.

5.3. Introspection in classification

This section investigates classification output when the
classifiers are trained on two classes, and then a third, pre-
viously unseen class is presented to the classifier. This is
an important experiment because classifiers deployed in
real-world applications will encounter images which do not
closely resemble the data used to train them, and an intro-
spective classifier will respond to these with high uncer-
tainty. As examples of classes typically encountered in
autonomous driving applications we use a subset of the
GTSRB data set (see Section 5.1.2). We arbitrarily select
two classes for training: stop and lorries prohibited. To
investigate the efficacy of the features used and training
procedures employed, classifiers were trained separating
these two classes using a balanced training set of 400 data
(200 per class). Classifier performance was evaluated using
standard metrics on a hold-out set of another 400 class
instances (200 of each class) of the same two classes. The
results are shown in Table 3, and show that classification
performance by the commonly used metrics (precision,
recall, and F; measure) is commensurate across all classi-
fiers. The corresponding Precision—Recall (PR) curve con-
firms the perfect separation of the classes and has been
omitted here as it is otherwise uninformative.

The classifiers are then tested on 200 instances of the
previously unseen classes roadworks ahead, keep left,

70 kph, yield, and right ahead. The normalized entropy
histograms for both the seen and the unseen test classes are
shown in Figure 5.

All classifiers are confident when tested on classes
which were present in the training set, which is what we
would expect. For the unseen test classes, the mean normal-
ized entropies for the GPC-based classifiers (IVM, non-
linear GPC, and linear GPC) and the Random Forests are
more consistently high than those of the other classification
frameworks, indicating that they reliably exhibit greater
uncertainty in their judgment. Conversely, the LogitBoost
classifier is extremely confident in all of its classifications
with a very narrow distribution, and the non-linear and lin-
ear SVMs have inconsistent levels of uncertainty. These are
effects consistently observed throughout our experiments,
which we attribute to the manner in which the probabilities
are estimated (as detailed in Section 4). The unseen sign
for which the classifiers respond with the lowest uncer-
tainty (greatest confidence) is the 70 kph sign. We propose
that this is due to its similarity with one of the training
classes, namely the ‘lorries prohibited’ sign.

In order to mitigate any influence of the specific train-
ing and test data selected we repeated the above experiment
across a number of random dictionaries, data samples, and
unseen classes. Specifically, for each of 5 different unseen
classes, we perform 40 iterations of classifier training and
testing with a random dictionary and training and test data
sets resampled for each run. The results, presented in Table
4, are consistent with those in Figure 5 in that the GPCs
and Random Forest tend to be more consistently uncertain
for the unseen test classes, while SVM and LogitBoost are
more confident with an often significantly narrower distri-
bution of normalized entropy values. The results in Table 4
indicate that the gap in uncertainty between the different
frameworks is more pronounced for some unseen classes
than for others. We attribute this to the varying degree of
similarity in feature space between some unseen class and
the classes in the training set.

We draw the conclusion that when faced with test data
that are not represented by the training data, the GPC-based
classifiers and Random Forest are more consistently uncer-
tain than the other classifiers, which is the introspective
behavior we seek.
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Fig. 5. Normalized entropy histograms (frequency versus NE) of the marginal probabilities for a variety of classifiers trained on the
road sign classes stop and lorries prohibited and tested on not only the training classes, but also classes which do not appear in the
training set (roadworks ahead, keep lefi, 70 kph, and right ahead). Higher values of normalized entropy imply more uncertainty in the
classifier output, so we expect the more introspective classifiers to be certain (low NE, left-hand end of the x-axis) on the trained
classes and uncertain (high NE, right-hand end of the x-axis) for the unseen classes.

5.4. Introspection in detection

We investigate the same classification frameworks as before
on various detection tasks, which each have a salient posi-
tive class and a broad background class. We evaluate the
classifiers on three data sets: TLR (traffic lights), Daimler
Pedestrian, and KITTI (cars), as detailed in Section 5.1.

As with the classification task, we first verify the effi-
cacy of the features selected and the training procedures
employed. Table 5 shows the classification performance for
classifiers trained using the quantity of data shown in Table
6. We have chosen these values for two reasons. First, we
are trying to highlight low-probability catastrophic events,
which will be few in number for the size of the test sets we
are considering here, but over the life-long autonomy we

envisage for our robots will occur in non-negligible num-
bers; larger training sets reduce the prevalence of these
low-probability events, but will never be able to eliminate
them. Second, we are using off-the-shelf implementations
of commonly used classification frameworks to keep the
comparisons fair, and some of these (namely the GPCs)
struggle to train successfully when using many (approxi-
mately over 800) data with the numbers of feature dimen-
sions we are considering here. We note that in autonomous
driving scenarios we typically see more negative examples
than positive examples, and so have kept the training and
test sets roughly to the same 1:2 ratio of positives to nega-
tives. While scanning an entire urban scene for pedestrians
is likely to yield many thousands more negatives than
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Table 4. Mean and standard deviation of normalized entropies (including standard errors) from 40 iterations of classifier training and
testing, each with a randomly created dictionary and both training and test data sets resampled. Results are presented for classifiers

trained on the road sign classes stop and lorries prohibited and tested on five different unseen classes as shown.

Test Class Classifier Normalized entropy
= std. err. o* std. err.
IVM 0.776 = 0.081 0.145 = 0.030
Non-linear GPC 0.751 = 0.087 0.152 = 0.029
Linear GPC 0.776 = 0.108 0.150 = 0.041
Non-linear SVM 0.476 = 0.101 0.089 = 0.056
Linear SVM 0.664 = 0.122 0.250 = 0.041
LogitBoost 0.019 = 0.025 0.041 = 0.073
Random Forest 0.756 = 0.137 0.149 = 0.053
IVM 0.794 = 0.117 0.106 = 0.026
Non-linear GPC 0.779 = 0.124 0.107 = 0.024
Linear GPC 0.777 = 0.202 0.124 = 0.058
Non-linear SVM 0.537 = 0.126 0.028 = 0.036
Linear SVM 0.494 = 0.239 0.222 = 0.049
LogitBoost 0.016 = 0.022 0.031 = 0.059
Random Forest 0.736 = 0.166 0.078 = 0.027
IVM 0.539 = 0.140 0.173 = 0.023
Non-linear GPC 0.546 = 0.144 0.168 = 0.023
Linear GPC 0.569 = 0.166 0.177 = 0.026
Non-linear SVM 0.407 = 0.077 0.076 = 0.053
Linear SVM 0.315 = 0.195 0.197 = 0.058
LogitBoost 0.008 = 0.004 0.012 = 0.026
Random Forest 0.394 = 0.121 0.138 = 0.029
T = IVM 0.579 = 0.133 0.137 = 0.020
Non-linear GPC 0.577 = 0.130 0.136 = 0.019
Linear GPC 0.585 = 0.188 0.151 = 0.029
{ Non-linear SVM 0.488 = 0.111 0.039 = 0.034
‘ - Linear SVM 0.177 = 0.127 0.155 = 0.056
“ LogitBoost 0.014 = 0.019 0.030 = 0.056
Random Forest 0.668 = 0.161 0.113 = 0.027
IVM 0.931 = 0.025 0.080 = 0.026
Non-linear GPC 0.934 = 0.021 0.079 = 0.023
Linear GPC 0.925 = 0.031 0.085 = 0.027
Non-linear SVM 0.641 £ 0.168 0.100 = 0.047
Linear SVM 0.705 = 0.142 0.212 = 0.049
LogitBoost 0.059 = 0.103 0.077 = 0.127
Random Forest 0.904 = 0.089 0.088 = 0.043

positives, it is common (Enzweiler et al., 2012; Fairfield
and Urmson, 2011) to use 3D information or prior maps to
greatly reduce the portion of each image that needs to be
scanned, and thus making the ratio of positive to negative
windows much more even.

Figure 6 shows the corresponding precision—recall
curves for the classifiers across the data sets. The detection
task, having a varied background class and greater variation
within the positive class, is more challenging than the clas-
sification task. Classification performance according to the
conventional metrics is commensurate across all frame-
works. The Random Forest performs best for the TLR data
set, and the non-linear SVM and IVM perform consistently
highly in the Daimler Pedestrian and KITTI data sets. The
GPC-based classifiers all have commensurate performance
in terms of precision and recall.

In Figures 7, 8, and 9 we demonstrate how the lack of
introspection can impact classification performance when
accept/reject decisions are determined by classification

confidence, with one figure per data set. Specifically, we
show the cumulative effect of accepting classifications
below a given uncertainty threshold. First we note that
when classifications are accepted at any level of uncer-
tainty (i.e. up to and including unity normalized entropy)
we get values which correspond to those in Table 5. It is
desirable for a classifier to be close to the top left-hand cor-
ner of the graphs pertaining to frue classifications (top
row) and close to the bottom right of the graphs pertaining
to false classifications (bottom row). This would corre-
spond to making true classifications with low uncertainty
(high confidence) and making incorrect decisions with
high uncertainty.

Although the SVMs and LogitBoost classifiers gener-
ally make true-positive and true-negative classifications
with higher certainty (i.e. low normalized entropy) than for
the GPC variants, they are also more confident when mak-
ing mistakes. This balance is discussed in more detail in
Section 6, but in summary we consider the avoidance of
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Fig. 6. Precision—recall curves for the (a) TLR, (b) Daimler Pedestrian and (c¢) KITTI data sets. Note the increasing difficulty of the
data sets, and the consistency and commensurate nature of the classifiers in terms of these metrics. (Best viewed in color.)

Table 5. The classifiers’ performances for the detection tasks across data sets according to conventional metrics. Precision, recall, and
F; measure are calculated by thresholding the classifiers’ probabilities at 0.5. The SVMs and GPCs give very similar results across the
data sets, with the LogitBoost and Random Forest performing slightly worse than the others with the more difficult data sets.

TLR Daimler Pedestrian KITTI

Classifier Precision Recall F Precision Recall F Precision Recall Fy

VM 0.995 0.916 0.954 0.953 0.872 0911 0.868 0.725 0.790
Non-linear GPC 0.992 0912 0.950 0.956 0.874 0.913 0.853 0.735 0.790
Linear GPC 0.988 0.899 0.941 0.956 0.875 0914 0.816 0.708 0.758
Non-linear SVM 0.996 0.920 0.956 0.959 0.869 0.912 0.836 0.749 0.790
Linear SVM 0.967 0.910 0.938 0.932 0.876 0.903 0.813 0.709 0.757
LogitBoost 0.978 0.908 0.942 0.961 0.794 0.869 0.826 0.681 0.747
Random Forest 1.000 0.897 0.946 0.984 0.598 0.744 0.894 0.551 0.682

Table 6. The number of training and test data of each class used for the detection experiments. The quantities of data from the
GTSRB data set for the classification experiments are detailed in Section 5.3.

Training data Test data
Data set Positives Negatives Positives Negatives
TLR 250 500 1000 2500
DP 250 500 8000 16,000
KITTI 200 500 2000 5000

high-confidence errors to be of primary importance, and
after that, an increase in classifications which are both con-
fident and true, results in a more useful classifier.

The GPC-based classifiers (IVM, non-linear and linear
GPCs) behave very similarly to each other, particularly in
the TLR and Daimler Pedestrian data sets, and perform
very well in terms of making mistakes with very high
uncertainty. The price paid for this more realistic assess-
ment of the classification confidence is a reduction in cor-
rect classifications above the normalized entropy threshold.
Note that this does not mean that subsequent samples are
misclassified. It only implies that some other remedial
action might be taken, for example obtaining label confir-
mation from a human, or gathering otherwise additional
data to aid disambiguation.

The Random Forest is consistently uncertain in terms of
all four decision outcomes across all data sets. This is

because the probabilities it outputs are rarely far from
p(C;) = 0.5. The fact that it performs rather well in terms
of accuracy, precision and recall indicates that it is
underconfident.

The difficulties of the data sets clearly vary from the PR
curves and the confidences of the true detections, with TLR
being the easiest, followed by the Daimler Pedestrian data
set, and then KITTI being the most challenging. This is
likely to be a result of the variation within the positive class
paired with the low number of positive exemplars in the
training set (see Table 6).

5.5. Decision making

In Section 3.3 we discussed the importance of the loss
function L(a, C;) and how it shapes the decision of which
action a to choose, given some estimates of the state of the
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environment {p(Cy), ...,p(C¢))}. In robotics, we seek
classification frameworks which allow our robots to make
decisions which are faithful to the values instilled by the
losses incurred for particular outcomes. For instance, if we
make the cost associated with a particular outcome very
large, then the actions which can lead to that outcome
should be chosen more infrequently, or at least only when
the classifier gives a very confident estimate of the state of
the environment. The behavior we seek is for classifiers to
behave appropriately given any relative costs associated
with the possible outcomes. We characterize this ‘appropri-
ateness’ by comparing the total cost incurred when using

each classifier as part of the decision-making pipeline, and
we do so while varying the ratio of the costs of false-
positive and false-negative outcomes. Note that we cannot
mitigate the dangerous tendencies of less introspective clas-
sifiers by adjusting the costs; each decision is made by
weighting the probabilities produced by a particular frame-
work, and thus if the probabilities are a poor indicator of
the truth of the classification, wrong decisions will be
made regardless of the costs set.

For each of the three data sets, we use the probabilistic
output of the classifiers to drive the decision-making pipe-
line, and evaluate the decisions made. We set the costs of
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true-positive and true-negative outcomes as 0, and the cost
of a false-positive outcome as 1. The value for the last out-
come, the false negative or missed pedestrian, is varied
from 1 to 10”. This cost of the false-negative error appears
on the x-axes of Figures 10, 11, and 12. The y-axes of the
left-hand figures in each pair denote the number of true
outcomes (both positive and negative together), and the y-
axes of the right-hand figures denote the total cost of all
the decisions made.

These pairs of graphs demonstrate the trade-off between
classifiers which avoid catastrophic decisions, and those which
might be so cautious that they never take the higher risk
action. The lefi-hand graphs demonstrate the rate at which the
classifiers’ decisions become more and more cautious as the
cost of a false negative increases. We do not consider one to
be superior to another in terms of introspection, albeit it may
tell you about the usefulness of that classifier. On the right-
hand graphs, the ideal is for a curve to be as low as possible
(close to the x-axis). This would represent a classifier which
makes good decisions given any particular cost ratio.

Comparing the classifiers across the data sets, we make
the following observations. The GPC-based classifiers and
the Random Forests have consistently low total cost in the
right-hand graphs. This is very desirable because they do
not commit any false-negative errors when the costs begin
to increase. This indicates that they have considerable intro-
spective qualities. The LogitBoost and linear SVM

classifiers consistently make catastrophic mistakes, result-
ing in very high costs across all three data sets, while the
non-linear SVM exhibits this inconsistent, risky behavior in
one of the three data sets, making an error with such
extreme confidence that it persists even when the cost is
107. These jagged curves characterize the unpredictable
behavior of those single-discriminant classifiers, and
demonstrate how they are much less desirable in the con-
text of mission-critical decision making, despite the fact
that they may perform better in terms of F; measure.

The steady-state values in all these graphs are a result of
the decision system always choosing the stop action, thus
incurring a cost of 1 per false positive for all the negatives
in the test sets. It is natural for the curves to reach this
steady state, because by setting the ratio of the costs to be
so large we are effectively imposing such a high cost on
the go action that it will never be chosen in favor of the
safer stop action (unless p(C,) = 0), and thus they incur a
cost equal to the total number of negatives.

The flat sections which occur for the SVMs in the
graphs on the left of Figures 10, 11, and 12 are a result of
there being no test data yielding probability values in the
region which the decision boundary (the value of p(C,)
where stop meets go in Figure 4(b)) sweeps as the cost
ratio moves from 300 to 40,000.

In Section 3.3 we described another way to characterize
the introspective tendencies of a classifier: by examining
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Fig. 13. Following Figure 4, we show the errors contained about p(C;) = 0.5 as we increase the size of the orange box. To generate
these curves, we randomly sampled 1000 positive and 1000 negative test data and count the number of errors. Note that a classifier
which is uncertain when it makes mistakes will be closer to the top left of each plot. This, together with the confidence of correct

decisions show the two sides of the introspective coin.

the distribution of errors across p(C,). In Figure 4 we
showed that the number of cumulative errors as you
increase the half-length of the orange box (from
Figure 4(d)) from 0 to 0.5 can take various shapes, and we
showed the shape induced by a more introspective classi-
fier in teal (in Figure 4(e)). In Figure 13 we show those
curves for our classifiers across the three data sets.
Comparing it to Figure 4(e), we see that for all three data
sets, the curves for the classifiers which consider multiple
discriminants (Random Forests and the GPC-based classi-
fiers) are closer to the desirable teal curve than the single-
discriminant classifiers (the SVMs and LogitBoost). The
Random Forest very strongly resembles the teal curve
across all data sets, and in the case of the KITTI data set
the IVM does also. This is a further, strong indication of
the introspective power of the Random Forests and GPC-
based classifiers over the others.

6. Discussion

To what degree is introspection a property of a single clas-
sifier, or of a classification framework? Can one SVM be
more introspective than another SVM? Are GPCs invari-
ably more introspective than SVMs? The results in this
paper indicate a consistent behavior of particular classifica-
tion frameworks across particular tasks (such as classifica-
tion or detection), which we attribute to the manner in
which the classifiers are designed (see Section 4). Thus we
expect that introspection quality is inherent to classification
frameworks rather than individual classifiers.

That said, varying the choice of kernel (and its para-
meters) does produce very different behaviors, and it may
be possible to instill an improved introspective sense with
an appropriate choice of kernel. The reason for this is that
in every framework there is a link between classification
confidence and distance in kernel space. In the GPC, a test
datum which lies far away from the training data (in kernel
space) yields a more uncertain classification. As we have
illustrated, single-discriminant models like the SVM func-
tion similarly, but their principal failing comes from the

fact that distance is only measured orthogonal to the deci-
sion plane, and that distance along the decision plane is not
taken into account. But how can we guarantee that new,
unseen classes will be far away from our training data? In
truth, we cannot. We can only hope that the kernel has
found a warping of the feature space which adequately
separates the two classes of training data, and that new,
unseen classes will be sufficiently disparate from the train-
ing data in kernel space to yield an uncertain classification.
Owing to the opaque nature of the kernel function, we can-
not assume that points which are close together in feature
space will also be close in kernel space. This brings into
question the sanity of using distance in kernel space as a
metric for uncertainty in classification.

It should be noted that the sparse nature of the IVM
could be expected to reduce its introspective capabilities at
the expense of computational efficiency, when in fact it
seems to outperform the non-linear GPC in many cases.
We attribute this to the fact that the two implementations
are from different libraries and it is likely that the optimiza-
tion procedures in the IVM are superior to those in the
GPC, resulting in a better choice of hyperparameters and
thus a more effective sense of how distance should relate to
uncertainty.

In this paper we have investigated a variety of applica-
tions, feature types, class types and quantities, as well as
the nuances between classification and detection. This is
because it is not always possible to determine the introspec-
tive quality of a classification framework based on a single
classifier and test set. Can we say whether a classifier
which is uncertain about all decisions like the Random
Forest is introspective or not? We suggest that it is perhaps
introspective, but certainly not as useful as one which can
also make correct classifications confidently. A very intro-
spective classifier will have a strong correlation between
confidence and correctness. Some situations, such as when
a classifier is uncertain about everything, do not yield
enough information to determine a classifier’s introspective
capacity. Another such situation is where a classifier gives
perfect classification results. Without errors, we cannot
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judge how a classifier deals with the unexpected (unless
we evaluate it on truly alien data, such as in the unseen
class experiment of Section 5.3).

We have motivated the desire for a classifier to make
mistakes with high uncertainty, and we have shown that if
this is not the case, it will make unpredictable and expen-
sive errors. In addition, for the classifier to be useful, we
would also like its true classifications to be made with high
confidence. All the classifiers we have investigated in this
work have fallen short of both targets, but to varying
degrees. If we cannot have both, is there a trade-off to be
struck, and are some combinations more desirable than oth-
ers? One difficulty lies in formally defining how a ‘per-
fectly introspective’ classifier should behave. We have
approached this in terms of increased distance between
training and test data leading to uncertainty, and that the
degree of uncertainty should indicate the likelihood of a
mistake being made. More rigidly, we propose that classifi-
cations with an uncertainty of 0.9 should be incorrect by 1
mistake in 10, on average. If this were true, we could make
very well-informed decisions.

Although we have found that the GPC-based classifiers
exhibit a greater introspective quality than the other classi-
fiers tested in this work, it must be said that they are still
far from perfectly introspective, regardless of our choice of
the definition of ‘perfect’. One obvious point of improve-
ment for the Random Forest is that it is very underconfi-
dent when it makes true classifications, which is also a
feature of the GPC-based classifiers, although to a much
lesser extent. It is interesting to note that IVMs with a suc-
cessively higher active set fraction ¢ get more and more
confident, both in terms of true and false classifications, so
it may be possible to improve them by simply training them
on more data. If an introspective classifier’s predictions all
have high uncertainty, this could be a useful sign that the
problem is too complex and more training data are
required.

7. Conclusions

This work demonstrates how performance metrics tradi-
tionally used in machine learning for classifier training and
evaluation may be insufficient to characterize system per-
formance in a robotics context, where a single misjudg-
ment can have disastrous consequences. To remedy this
shortcoming, we propose the concept of introspection: the
ability to mitigate potentially overconfident classifications
by an appropriate assessment of predictive variance. Our
experimental results imply that, despite commensurate per-
formance as measured by more conventional metrics,
GPC-based classifiers possess a more pronounced intro-
spective capacity than other classification frameworks com-
monly employed in robotics, maintaining a useful balance
between being confident when they are correct, and uncer-
tain when they are making mistakes. We attribute this to
their consideration of distance between data, and

accounting for predictive variance over the space of feasi-
ble classification models. This is in contrast to other com-
monly employed classification frameworks which often
only consider a one-shot (maximum likelihood, or maxi-
mum a posteriori) solution. As a result of this, model-
averaging classifiers make better decisions than single-
discriminant classifiers like SVMs, and thus will cause
fewer catastrophic accidents despite appearing worse in
terms of /| measure.
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Abstract

Robots that use vision for localization need to handle environments which are subject to
seasonal and structural change, and operate under changing lighting and weather condi-
tions. We present a framework for lifelong localization and mapping designed to provide
robust and metrically accurate online localization in these kinds of changing environments.
Our system iterates between offline map building, map summary, and online localization.
The offline mapping fuses data from multiple visually varied datasets, thus dealing with
changing environments by incorporating new information. Before passing this data to the
online localization system, the map is summarized, selecting only the landmarks that are
deemed useful for localization. This Summary Map enables online localization that is ac-
curate and robust to the variation of visual information in natural environments while still
being computationally efficient.

We present a number of summary policies for selecting useful features for localization from
the multi-session map and explore the tradeoff between localization performance and com-
putational complexity. The system is evaluated on 77 recordings, with a total length of 30
kilometers, collected outdoors over sixteen months. These datasets cover all seasons, various
times of day, and changing weather such as sunshine, rain, fog, and snow. We show that it
is possible to build consistent maps that span data collected over an entire year, and cover
day-to-night transitions. Simple statistics computed on landmark observations are enough
to produce a Summary Map that enables robust and accurate localization over a wide range
of seasonal, lighting, and weather conditions.
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1 Introduction

Map-based robotic navigation is one of the dominant paradigms for implementing driverless
cars (Furgale et al., 2013, Lategahn and Stiller, 2012, Ziegler et al., 2014b). Under this strategy, the en-
vironment is mapped prior to any automated run, and a pre-built map that contains information relevant
to tasks such as localization and navigation (i.e. visual landmarks and the road network) is provided to
the vehicle. With map-based navigation, localization is a core competency for online operation. The diffi-
cult problems of map management and fusion with all previously seen data can be deferred to a server and
processed offline, in batch. We see this as the natural progression as we transition to a world with tens,
hundreds, or thousands of service robots deployed in a single area. For example, automated cars might not
manage their own world maps based on their own data. Instead, they could rely on centralized services that
produce maps for a given task based on data collected from all the robots over extended periods.

This paper proposes and evaluates a general strategy for producing visual maps for robots to localize as they
revisit an area multiple times. Vision-based localization and mapping has been shown to produce excellent
results for large-scale mapping (Sibley et al., 2010) and long-range navigation (Furgale and Barfoot, 2010).
In order to support planning and control such as relevant for driverless cars, the proposed localization
system provides locally accurate metric pose estimation. Beside localization itself, a crucial aspect for real-
world deployment is lifelong mapping, particularly the ability to deal with changes in the world. In the
context of visual localization for driverless vehicles, these changes are for example caused by diverse weather
conditions, changing billboards and parked cars, seasonal variation in trees, and the apparent motion of the
sun. While some of these changes can be handled using image processing techniques, more profound changes
can only be dealt with by incorporating new information in the map. Our goal is to provide metric pose
estimation that employs all pertinent information available about a scene. This goal is distinct from long-
term, condition-invariant, place recognition (e.g. (Milford and Wyeth, 2012)) which does not provide pose
estimates. Furthermore, we aim to handle structural- and not just lighting-dependent appearance-changes,
in contrast to systems such as (Lategahn et al., 2013, McManus et al., 2014a). Our goals for accuracy are
also much tighter than those of other metric estimation systems, notably McManus et al. (2014b), as we aim
for an accuracy on the order of decimeters.

To the best of our knowledge, the problem of lifelong updating of visual maps remains unsolved, and this



paper makes significant contributions to this research area. Some of the phenomena that cause visual change
are relatively abrupt while others occur more or less slowly. We therefore model the changing world as a
continuum of visual features, allowing features from different visits to the same place to be observed together
at a later point in time. Environment dynamics can contain a broad spectrum of time scales, and in this
work we have focused on a setting which is particularly challenging in this respect. The environment we
consider is subject to seasonal change and various weather conditions, and our driverless vehicle operates
at different times of day, on a backdrop of trees, shrubs, mostly static buildings, and with parked cars that
change significantly every morning and evening on working days.

Another important issue is computational cost, in general and also for on-board operation. Resource limits
preclude simply growing the map whenever new perceptual information arises. In some environments, the
number of possible visual configurations can be practically unbounded and change daily. Furthermore, a
significant portion of this information may stem from ephemeral parts of the environment, and would only
bloat the map and disturb or slow down localization. Thus, the knowledge gained about an environment
as new data arrives should be used not only to add, but also to strategically discard parts of the previously
collected information. The resulting reduced map should contain only those parts that are sufficiently relevant.
We refer to this process as summarizing a map, and propose a general scheme for the lifelong management
of maps which incorporates this aspect. We demonstrate the effectiveness of our approach using an in-
depth analysis of long-term datasets, and provide several suggestions for map-summary strategies. We
also demonstrate the generality of our method by taking two state-of-the-art algorithms for selecting useful
information from long-term maps (Dayoub et al., 2011, Konolige and Bowman, 2009) and expressing them
within the formalism of our framework. As an additional benefit, our approach allows us to directly compare
these algorithms with each other as well as with our own summarizing strategies.

A central question of mapping is to decide what should determine the quality of a map. This of course
depends on the intended use of the map. The evaluation of a mapping approach and the particular maps
it produces must also be done in a way which reflects the identified requirements. For the navigation of
driverless cars, we believe that robust and locally accurate pose estimation is of crucial importance. The map
is the repository of geometric and semantic information — such as road networks, parking spaces, and traffic
light positions — needed to achieve complex tasks. The positions of all semantic objects can naturally be
linked to the on-board perception system when they are expressed with respect to the local geometry. The
usefulness of the map thus stems from the ability of connecting its localization estimates and the positions of
nearby semantic objects. This suggests that the system should be evaluated based on its ability to produce
a metric estimate of the robot’s pose within the map, with computational complexity suitable for online
operation. In contrast, we do not believe it to be very informative when maps are evaluated based on global
3D reconstructions or some global accuracy measures when compared to a separate survey of the environment.

In this paper, we use three evaluation criteria (see sections 4.3): availability measures the percentage of time
the robot is able to localize within the map, local accuracy measures the metric error of the robot’s six
degree of freedom (6-DOF) pose estimate, and computational complexity measures the computational cost of
localizing within the map.

The contributions of this paper are as follows:

1. We outline a general scheme for solving the problem of vision-based lifelong localization. Our ap-
proach is based on the concept of online localization and offline map maintenance, extending the
concepts described by Biber and Duckett (2005). The proposed map life cycle is depicted in Fig-
ure 1.

2. We propose a method to produce a Summary Map for localization based on selection of subset of the
landmarks available within the global map.

3. We present an implementation of a complete long-term visual mapping and localization framework.

4. We evaluate the trade-offs between availability, accuracy, and computational complexity for a set of
summary schemes, on a total of 77 recordings collected outdoors at two seperate locations, over one
and a half years. These schemes include adaptations from related work as well as novel methods



based on our approach.

5. We show that it is possible to build consistent maps using data from an entire year, as well as from
recordings that cover day- and nighttime settings. The resulting Summary Maps enable robust and
accurate localization, covering a wide range of seasonal, lighting as well as weather conditions.

2 Related Work

Achieving long-term autonomy is one of the big open challenges in robotics. The problem of long-term map-
ping, also known as lifelong or multi-session mapping, has thus received a considerable amount of attention.
While the goal of building a map that is useful over a long time frame is common to many published works,
the exact problem that is targeted with the resulting map can vary considerably. We target the localization
of a robot using on-board cameras, and focus primarily on reviewing work that likewise targets camera-based
systems.

Many of the most successful long-term systems are concerned with the coarse matching of an image to
another image, or place, in the map. This long-term place recognition approach is exemplified by SeqSLAM
(Milford and Wyeth, 2012), which matches sequences of images acquired under extremely varied conditions,
matching from day to night, rain to sunshine. SeqSLAM has been extended to include better handling
of different vehicle speeds (Pepperell et al., 2014) and match-verification (Milford et al.; 2014). Similarly,
Naseer et al. (2014) robustly select matches under severe seasonal changes using the data-association graph
for full datasets. Valgren and Lilienthal (2010) have investigated the long-term performance of visual features
for place recognition across seasons; they point out the importance of using image geometry (in the form
of epipolar constraints) to validate matches, and show that the Upright SURF descriptor performs well.
Neubert et al. (2013) predict the visual words present in an image recorded during winter, based on an image
of the same place recorded during summer, and vice-versa. Krajnik et al. (2014) represent the periodic re-
occurrence of features using a spectral approach. For a vehicle travelling on a road network, it is also possible
to perform place recognition without visual information in the map, as Brubaker et al. (2013) show — they
match short paths recorded via Visual Odometry (VO) to a street map. These systems solve the difficult
problem of going from a completely unknown pose to a rough localization (in the form of a matching place).
While this form of localization is useful for detecting loop-closures, and for helping recover from a lost state, it
does not on its own provide enough information for planning and control of a robot. Furthermore, the above
approaches — with the exception of Krajnik et al. (2014) — do not incorporate new information about an
environment as it becomes available, but rather match to a static representation. In contrast, our approach
relies on a rough estimate of the robot’s position within the map during initialization, and then tracks the
robot’s progress through the map with high metric accuracy. Because of these differing goals, we see these
two lines of research as complementary. Place recognition is necessary for initialization and fault recovery,
but localization is needed to support accurate local planning and control. Consequently, we do not compare
our work directly to any of the algorithms above.

Krajnik et al. (2010) propose a simple method for estimating the bearing of a robot, which allows for basic
navigation along a path composed of straight segments. Their approach can provide accurate estimates
using only two maps, one for winter and one for summer, in an environment that is subject to strong
seasonal changes (Krajnik et al., 2013). In order to perform tasks with an automated vehicle, such as obstacle
avoidance or parking into a spot that is off the recorded path, we sometimes need to deviate from the mapped
path. Bearing-only or purely appearance based systems do not offer enough flexibility in order to perform
these important tasks.

In contrast to the above, a different approach to the long-term mapping problem is to maintain a model of
the environment that includes some form of geometric information for pose estimation. The poses typically
have six degrees of freedom (DOF). Many approaches in literature are primarily concerned with providing
high accuracy for the parameters of this model. In this context, a pose-graph based representation of the
environment is often used. Nodes of the pose-graph usually contain views of the environment, whereas



edges are (estimated) relative transformations between views. As places are revisited, the graph grows
and eventually is pruned, discarding some of the previously observed information. Johannsson et al. (2012)
partition the mapped space into a regular grid over 2D-position and heading, using only the most recent
view to represent appearance. Maddern et al. (2013) use the information content of a view relative to its
neighbours to select views for deletion and replace them with relative constraints. In all of these approaches,
the primary goal is to produce a consistent map — the question of what is best for localization is not addressed.
We do not tackle the problem of sparsifying a pose graph under long-term operation as more and more data
is added to a map. Rather, we aim to provide the best possible localization for an automated vehicle in
a given map. In other words, we are not as much concerned with maintaining an accurate model of the
world, but rather with maintaining a useful model. In this context, the major challenge is handling dynamic
scenes, that are observed under varying lighting conditions and that change in structure between visits to
the environment.

A recent research direction focuses specifically on the effects of varying lighting conditions. This is done either
at the level of individual pixels — transforming raw image data — or by learning sparse image features that are
resistant to lighting changes. Approaches that use illumination-invariant image transformations have shown
very promising results (Corke et al., 2013, McManus et al., 2014a). They employ the spectral characteristics
of a single light-source in order to remove the effect of different illumination angles and cast-shadows, at a
pixel level. Maddern et al. (2014) have combined the illumination-invariant image transformation proposed
by McManus et al. (2014a) with the prior structure recorded from a pushbroom Laser (Stewart and Newman,
2012), to provide accurate metric localization that is invariant to lighting variations. Lategahn et al. (2013)
propose learning an illumination invariant descriptor, using a set of basic building blocks, from a represen-
tative set of recordings taken at different times of day. While they employ this learned descriptor mainly
for place recognition, they have also shown excellent results in robust localization for a driverless vehicle in
urban environments (Lategahn and Stiller, 2014). Training neural networks to extract descriptors that are
robust to illumination changes has been proposed by Carlevaris-Bianco and Eustice (2014). Techniques such
as illumination-invariant image transformations provide an excellent way of dealing with light and shadow
variations, but are limited to scenarios with a well-known light source, e.g. outdoors under direct sunlight.
While these methods bring robustness to changing lighting, more general structural change in scenes is not
modelled by them. In comparison, we take a unified approach that naturally copes with lighting changes
(both natural and artificial), transitions smoothly from indoors to outdoors, and updates based on scene
changes, all with a single map-management strategy.

To handle structural changes in scenes, Biber and Duckett (2005) propose a dynamic map that represents
multiple timescales at once. Their map is composed of discretized 360 degree range scans, called local maps.
There are multiple local maps associated with each place in a global coordinate frame, each updated by
sampling new measurements at a given rate; the sampled measurements replace an equal number of existing
range-values. Higher update rates allow incorporating changes into the map quickly, whereas lower update
rates favour more stable long-term structures. For localization, the local map that best explains the current
observations, among the maps for the closest global place, is used for Laser scan matching. In the scheme
described by Biber and Duckett, a short-term map with a very high update rate is updated continually during
online operation, while all the measurements are kept around until a later offline phase, where the various
long-term timescales are updated. While we propose a similar scheme for offline map-management, we aim
to build a map that provides a unified representation for all timescales.

With regards to solving the problem of localizing within a dynamic environment, the approach of
Churchill and Newman (2013) is one of the most successful. They propose a system where the robot localizes
in multiple experiences simultaneously, whenever it re-visits a previously mapped location. If localization
against the known experiences fails, the map is augmented with a new experience based on Visual Odom-
etry (VO). The new experience then becomes available for localization on the next visit. It is unclear how
semantic information, such as road-definitions for automated navigation, would be handled in such a map as
experiences have only topological connections, and no metric relationship. In contrast, our system fuses data
from multiple visits to the same place, by adding locally resolved metric connections between experiences.
Semantic data is then attached to a pose graph that remains the same over all visits.



Another successful visual multi-session mapping system has been presented by Dayoub et al. (2011). Their
map-representation consists of a pose graph, where each node has an associated spherical view that stores
the location of features from an omnidirectional image. Whenever a location is revisited, a state-machine
modeled on human memory is used to decide which currently observed features are to be added to the these
views: features first pass through short term memory, which serves to discard spurious observations, before
they are admitted to long term memory. This is only one possible strategy for sampling useful features from
a changing environment. Instead, we propose keeping features around between sessions, allowing us to take a
batch offline processing approach to derive the best map based on all data. We then generate a reduced map
for online usage on the vehicle, via sampling strategies that take into account associations between features
across all sessions.

Similarly, Konolige and Bowman (2009) present an approach for selecting useful views from their graph-based
map. For each metric neighbourhood in their map, they aim to identify a set of view-clusters that represent
the various appearance states of the environment. Similar view-pairs are considered connected based on the
maximal connected subsets of a graph that describes the local appearance-dynamics of a place. In order to
manage map complexity, Konolige and Bowman propose a scheme that deletes views from a neighbourhood,
while still preserving the diversity of clusters as far as possible. Again, this can be seen as an example for
a strategy that samples useful features from an environment with variable appearance. While this strategy
is limited to finding clusters in the appearance of frames, we propose scoring and discarding individual
landmarks. This allows evaluating the usefulness of structures for localization on a sub-scene level.

Instead of using predefined image features, McManus et al. (2014b) propose to learn a set of detectors specific
to each place in a map. These detectors are based on Support Vector Machine (SVM) classifiers, which are
trained seperately for each place, based on sampled rectangular regions. The training data can include images
from multiple visits, acquired under varying environmental conditions. This imbues the resulting bank of
feature detectors with a high robustness to changes in visual appearance, sacrificing some of the accuracy of
a point-feature based method. In contrast, we believe that varying appearance characteristics can equally
be coped with by extending the representation of a place by adding newly observed features. This supports
updating the map incrementally, as opposed to retraining a classifier. Furthermore, it is unclear how well
the SVM training will perform in areas where large parts of the image are occupied by uninformative, but
highly structured objects, such as in a car park.

The approach we take to long-term mapping is close in spirit to the method proposed by Johns and Yang
(2013, 2014). They associate image features to real-world landmarks, that can be re-observed during multiple
visits to the same place. Thus, appearance changes can be modelled at a sub-scene level, independently
updating each landmark incrementally. While Johns and Yang focus on place recognition from images only,
we apply a similar approach to the precise metric localization of an automated vehicle.

3 System Overview

There are a multitude of viable camera setups for automated vehicles. Configurations range from a single
monocular camera (Lovegrove et al., 2011), to a lone stereo-pair (Ziegler et al., 2014a), to complex multi-
camera rigs (Muehlfellner et al., 2013). Our map representation does not depend on the specifics of the
camera system. The datasets and results presented in this paper are based on the setup shown in Figure 2.

Our lifelong mapping framework builds on the concept of multi-session maps. A session refers to a drive with
the vehicle in a given environment, where data is acquired that can subsequently be used to build or extend
a map. Sessions are recorded as discrete episodes, they can stem from automated or manual runs. Datasets
are composed of images and wheel-tick odometry, associated with distinct time instants j and vehicle frames
Fvy,. The vehicle frames represent the 6-DOF pose (position and orientation) of the rear-axle center at time j.
We assume that the cameras are triggered synchronously, and group the acquired images into image-tuples.
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Figure 2: Our driverless car, showing the location of the involved coordinate frames. Of the four wide-angle
fisheye monocular cameras on the car, only the front and left cameras are visible, alongside their associated
coordinate frames Fc, .. Two additional cameras are arranged symmetrically on the right and the rear of the
car.

The mapping life cycle is shown in Figure 1 and can be split into four main steps.

1. Initialization populates the database with a fresh map based on data collected with a vehicle.

2. During regular online operation, vehicles localize in the environment and (optionally) log localization
and sensor data for further subsequent processing.

3. The recorded data is transmitted to an off-vehicle computer, where the recorded data is fused into a
large full-scale map which stores all the long-term information that is available about an environment.

4. Finally, from this full-scale map, a Summary Map can be created that is small enough for efficient
and robust online operation.

The three steps after initialization can be repeated in a cycle.

The remainder of this section begins with an overview of the underlying map representation. We then describe
our multi-session mapping pipeline in detail, covering initialization, localization, mapping, and the creation
of summary maps.

3.1 Map Representation

Figure 3 depicts the coordinate frames contained in the map. To provide a better intuition about their
location, the same coordinate frames are also indicated in Figure 2. In the following, we write 4p to describe
the coordinates of a point p expressed in coordinate frame F 4. T gop refers to a 6-DOF transformation that
takes points from Fp to Fa, such that 4p = Tap pp. The map consists of map frames, Fy,, vehicle frames,
Fv;, and landmarks, a7, 1. A relational database handles the interaction between the following elements:

Map frames are denoted Fjy,. Estimation of vehicle poses and landmark positions takes place relative to
these coordinate frames. They are initialized based on the first mapping dataset. An optimal estimate of
each frame is stored as the transformation, T s, 0, which takes points from the arbitrary global frame Fo to
frame Fjs,. The transformation, Ty, ar,, between two arbitrary frames, Fas, and Fyy,,, is computed via
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Figure 3: The data structures and associations involved in the map. A single map and vehicle frame have
been highlighted for clarity.

the kinematic chain through the global frame

TA4771A471 = TMmOT&LO' (1)

One can think of the map frames as a skeleton graph of places where other geometric data (localized vehicle
frames, landmarks) is stored.

Vehicle frames, Fy,, are attached to the vehicle at time j (see Figure 2), each with its associated image
tuple and odometry information from that time. Each image gives rise to a set of sparse local image features,
consisting of a 2D-image coordinate and a local descriptor. We refer to the features from a set of synchronized
images as associated with a vehicle frame, rather than a specific camera image. Our representation is
independent of the feature type. The results described in this paper rely on BRISK (Leutenegger et al.,
2011), fixing the descriptor orientation to be aligned with the downward direction in the current vehicle
frame. We chose BRISK, which uses a local binary pattern descriptor, for its fast detection, descriptor
extraction and comparison, as well as minimal storage-size requirements. The choice of the exact image
feature type is not crucial to the concepts descriped in this paper.

Each vehicle frame is associated with a set of intrinsic and extrinsic calibration parameters for the camera
system. This is necessary because the calibration changes over time due to maintenance and normal wear
and tear on the vehicle. We rely on the CamOdoCal library (Heng et al., 2014) to generate these parameters.

Localizing a vehicle coordinate frame refers to estimating the 6-DOF transformation (or simply pose) T,
between it and the closest map frame, Fjs,. During localization, associations between the features and the
landmarks are made.

Landmarks represent 3D points in the real world. They arise from the triangulation of tracked image
features. The k-th landmark is expressed as a7,lx in the map frame, Fyy,, in which Fy, is localized when
the landmark is instantiated. A landmark’s associated features are stored as observations in the map. Each
landmark has a corresponding image descriptor that arises from its observations and that is used to associate
it with further features.
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Figure 4: The pipeline for the localization and mapping steps of the life cycle depicted in Figure 1.

3.2 The Multi-Session Pipeline

At first, the map is based on a single dataset. Thus, the Fy, initially correspond to a concrete dataset.
Over time, as the map is extended with data from more sessions, an increasing number of vehicle frames
end up referring to each map frame. This turns each Fyy, into an abstract place or small submap that can
contain contributions from all sessions in the map. Localization is performed relative to these map frames, via
landmarks potentially accumulated from all sessions. Semantic data, such as the road and lane definitions for
navigation, labels for pedestrian crossings and traflic signs, etc. are also defined relative to these coordinate
frames.

After initialization (Section 3.2.1), the map can be used for localization (Section 3.2.2). More importantly,
the map can also be augmented based on data gathered in later sessions (Section 3.2.3). We refer to this
process as multi-session mapping. It is depicted in Figure 4, which provides a more detailed view of the
localization and mapping parts in the lifecycle. Multi-session mapping can be broken down into the following
steps:

1. Localize each new vehicle frame and create data associations to the existing map. This involves
matching 2D features with 3D points (landmarks) and optimizing the estimated pose.

2. Track 2D features between consecutive images. The resulting triangulated 3D points are then used
to initialize new landmarks.

3. Perform global batch optimization over all sessions to ensure geometric consistency. In this step
reprojection and odometry errors are minimized.

The creation of Summary Maps is a separate process (Section 3.3). It produces a map that is best suited for
online operation and involves a separate set of objectives and design trade-offs.

3.2.1 Initialization

To build an initial set of vehicle and map frames from the first dataset, we first produce an intermediate form
based on a state-of-the-art mapping pipeline (Lee, 2014). This pipeline sub-samples the dataset by picking
vehicle frames and image-tuples such that consecutive frames are evenly spaced over the recorded trajectory,
separated by a minimum baseline distance. Multi-camera visual odometry, loop-closure detection (Lee et al.,
2013) and pose graph relaxation are performed in sequence on the selected vehicle frames. This produces
a set of vehicle poses Ty,o relative to some arbitrary global frame, as well as the features and odometry
information associated with each retained vehicle frame Fy;,.



The intermediate form is then transferred into the map representation described in section 3.1. A map
frame Fyy, is created for each Fv;. The transformation Ty, n; between the two is initialized to identity, and
similarly Tas,0 = Tv,0. Finally, landmarks are initialized based on local image features tracked between the
vehicle poses.

3.2.2 Localization

Localization means estimating a pose between a vehicle frame and one of the map frames. We use the same
process for localization both online during an automated run and offline in batch mode. To estimate the
pose, we formulate an optimization problem whose inputs are an initial guess and a set of correspondences
between 2D image features and 3D landmarks. When initializing the localization pipeline on a new dataset,
we assume that the vehicle starts at one of the map frames. This simple method works well in practice
when the vehicle is always started in roughly (a 1-2 meter radius) at the same location. A more general
scheme could be based on appearance-based global localization (e.g. (Cummins and Newman, 2008, 2011))
or a GNSS estimate.

To determine the correspondences, we first predict a set of likely-visible landmarks via an odometry pose

TV]Ml = T‘/j‘/}'—lT‘/j—lMi—lTMi—lMi7 (2)

where Ty,_, p,_, is the previous pose, ij v;_, is the odometry update, the new map frame F)y, is chosen to
be the one nearest in translation to the predicted pose, and Tas, , s, is calculated by following the kinematic
chain between Fy;, and Fa,_,. Then we select all landmarks that are associated with the vehicle frames that
lie in a metric neighbourhood of the guessed pose and transform them to Fj;, by following the kinematic
chains from their respective base frames, and from there into the vehicle frame via the predicted pose. Finally,
each landmark is projected into the cameras and matched to observed features based on distances in image
and descriptor space.

The resulting correspondences, also termed 2D-3D matches n = (m, k), associate the measured image location
of a 2D feature X,, with a 3D landmark 1. Each match gives rise to a reprojection error

en =%m —h(Ke,, T i), (3)

where the measurement model h(-) takes landmarks 5z, 1; transformed to the vehicle frame using the current
estimate Ty, a,, and projects them into image space based on the parameters K¢, of the camera C,,
associated with the feature.

Pose optimization is performed using an iterative non-linear least-squares approach with re-weighting which
revolves around the weighted sum of reprojection errors

Jioc = Z ezwnena (4)

where W,, is a weighting matrix based on the inverse measurement covariance of X,, and a robustifying
weight (m-estimator, see Zhang (1997)). The outcome of the optimization is an improved estimate of Ty s, .
It also leads to a set of inlier feature-landmark correspondences defined by thresholding their reprojection
error after optimization

Qin = {n:|len]| <7} (5)

Finally, localization is considered successful if there are sufficiently many inlier matches, i.e. if [Qin| > Ninlier-
Failed localizations are handled by propagating the odometry-based guess for Ty, 5, instead of the optimized
estimate.



3.2.3 Mapping

Mapping starts with features that are tracked during localization. As this involves triangulation, we use
odometry to make sure that the images used by the mapping pipeline are separated by a minimum baseline
distance. In practice on our setup, performance is not very sensitive to the exact value of the baseline within
a fairly large range. The results presented in this paper use a baseline of 10cm. We use epipolar constraints
arising from odometry, together with the extrinsic camera parameters, to create 2D-2D data-associations
between image features from consecutive frames. These feature-feature correspondences form the input to
a RANSAC estimation step. We use the iterative eigenproblem formulation proposed by Kneip and Lynen
(2013) and implemented in the OpenGV library (Kneip and Furgale, 2014). The RANSAC-inliers are used
to triangulate 3D-points. In turn, the triangulated points are used to initialize landmarks, bound to the map
based on the pose-estimates from the localization step.

In the end, successfully localized frames have features that are associated to landmarks from the old map,
as well as completely new landmarks. Both new and old landmarks are expressed in the same map frames,
and are bound together by having been observed from the same vehicle frames. To ensure that they are
geometrically consistent, the landmark positions a7, 1 and vehicle poses Ty, s, are fed to a batch non-linear
optimization step which minimizes

J = Juis + J0d07 (6)

where Joq40 arises from the wheel-tick odometry measurements between frames (see below), and Jyis has the
same expression as Jio. but uses the correspondences from the batch optimization process (i.e. all observations
of landmarks in the map and their associated vehicle frames are included).

To compute Jyqo, let 2040 be the set of all indices j of vehicle frames in the map, but excluding the first frame
for each session. Each of the vehicle frames indexed by 2,4, has an associated odometry update ij v;_,- The
kinematic chain in the map between the current and the previous vehicle frames provides another estimate
for the same motion Ty,v,_,- To measure the difference between these two estimates, let

T, =Ty, Tvv, .. (7)

o= (1), )

which stacks the translational t; and rotational a; parts of T.,. We express a; in axis-angle form. The
odometry error cost is then computed as

and define odometry error terms e; as

Jodo: Z eJTWodoej (9)
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where the weight matrix W4, is set according to the inverse measurement covariance of the wheel-tick
odometry.

Following batch optimization, feature-landmark observations that have reprojection errors larger than a
threshold 7,,, are removed from the map. This completes the mapping cycle. When more sessions are added,
all landmarks are treated the same: they are matched with the new data and associated with additional
frames from those sessions.

3.3 Summary Maps

The process described in section 3.2.3 solves the problem of adding new information to the map. Now we
describe a framework for bounding its size while maximizing its usefulness for on-vehicle operation. The
basic idea is to select a subset of pertinent landmarks for the map that gets downloaded by the vehicle. The
resulting Summary Map describes the content of the full map in a simplified way. This concept can be seen
as an analogy to the idea of a Summary Statistics, which concisely describe a set of observations.
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Figure 5: The number of times a landmark is seen during mapping, versus the average number of times it
is matched during localization, at a later point in time. X-Awxis is truncated at 50 observations.

We aim to build a compact map that robustly handles long-term environment dynamics. It is useful to first
consider some of the phenomena that one encounters during long-term mapping, in order to come up with
strategies for choosing landmarks from a multi-session map for the best localization results

Part of the information added with each mapping session comes from features that are visible only for a short
time, such as parked cars or ephemeral shadows. Landmarks initialized from these features are not useful for
localizing at a later point in time. This kind of wisual chaff is already present in the initial map, and will
bloat the map when more sessions are added to it.

Other features might not be visible during every session because their appearance depends on specific con-
ditions, e.g. a certain incidence angle of light. Even though these intermittent features disappear, they are
still caused by persistent structure in the environment and might be available during future sessions.

The appearance of the environment is likely to be subject to long-term change, causing features that are
visible for some time and then disappear permanently. Seasonal changes that are not cyclic — such as bushes
wilting during the winter and regrowing in a different way — as well as changes due to construction fall into
this category.

In addition to the behaviour of individual features, we also need to consider the spatial distribution of
landmarks. We expect some areas of the world to be relatively rich in persistent useful structure, while
others are more deprived. Therefore, context-sensitive restrictions on the included landmarks should be
applied, based on the properties of the local neighbourhood in the map.

To handle these requirements, we propose a framework of landmark scoring functions and sampling policies,
which are applied to a multi-session map. Methods from literature for assessing the usefulness of Landmarks,
such as the memory model proposed by Dayoub et al. (2011) and the appearance-based image clustering
proposed by Konolige and Bowman (2009) can be expressed in this framework. In section 5 we report
results based on the following concrete examples, designed to handle the phenomena identified above in the
environment where we collected data. Note that our framework can easily be extended with different and
more elaborate functions and policies.



A scoring function provides a prediction of the usefulness of an individual landmark for localization.
Beyond the geometric point, as,li, they are also associated with a set of observations, Oy, that link the
landmark to specific image features. Let £ denote the set of all landmarks in the map, together with their
associated observations.

A scoring function, f, assigns a real valued score to each landmark
fL—=>R (10)

An intuitive choice for a scoring function is the number of observations, |Ok|, for each landmark. This is
backed by the data: Figure 5 shows the strong correlation between the number of times a landmark is seen
in a mapping dataset and the number of times it is successfully matched to features from a test dataset. The
aim of this function is to get rid of visual chaff in the form of landmarks that are visible only for very short
time-spans. It does not distinguish between features that are tracked well throughout a single dataset, and
features that are persistent over a longer time-span.

To allow this distinction, the set of sessions Dy, associated to a landmark via its observations can be considered.
Landmarks can then be scored by the number of distinct sessions |Dy| they appear in. This scoring function
trades between removing intermittent landmarks, that have only been seen during few sessions but might
reappear, and landmarks that only appeared during a single session.

Scoring landmarks according to the time since their last appearance in a mapping session provides a way of
distinguishing features that are lost due to long term changes. A simple scoring function can be designed for
this purpose, that counts the number, AD, of sessions since the landmark has last appeared.

The state-machine proposed by Dayoub et al. (2011) for modelling biological Short- and Long Term Memory
behaviour can also be turned into a scoring function on the Landmark-level. This scoring function produces
a binary output, returning 1 if a Landmark is present in memory and 0 if it is not. The state-machine which
is used for producing these values initializes each Landmark in Short Term Memory. For each observation,
the Landmark is advanced through a chain of stages until it is considered stable and passed on into Long
Term Memory; if an observation is missed for a session, the memory state of the Landmark is reset to the
start of the chain. When in Long Term Memory, Landmarks are kept around unless they are missed for a
certain consecutive number of sessions. This process is run individually for each Landmark, and results in a
binary score.

Sampling policies select a subset of £ based on the various scores of individual landmarks. Furthermore,
they take into account the geometric and topological relationships between landmarks (see section 3.1).
Multiple scoring functions can be combined in a sampling policy. The selected subset of landmarks forms
the Summary Map, that can be used for localization on-board the vehicle.

The simplest way to define a sampling policy is to use a threshold 7, on the scoring function for each
landmark. Landmarks that score lower than this threshold are discarded. This does not deal well with
different distributions of the landmark score, for example due to regions, or whole maps, that are starved of
good features.

A natural technique to work around the problem of different score distributions is to use a ranking-based
approach. The landmarks are sorted (for instance lexicographically) according to the values assigned to them
by the scoring functions, and then the top, Ny, ranked landmarks are selected. This approach allows to
directly tune the number of landmarks, Ny, that remain in the map. The ranking can be applied globally,
or landmarks can be ranked in a sliding window, moving over the map frames, Fys,. Such a sliding window-
ranking approach is similar to the set-cover method proposed by Li et al. (2010) for localization in unordered
image collections.

The least-recently used (LRU) View Deletion algorithm proposed by Konolige and Bowman (2009) also fits
into the sampling-policy framework. For each local metric neighbourhood, defined as a neighbouring group



of map frames, we retrieve all associated vehicle frames. Next, a similarity-measure between vehicle frames
is needed for clustering; in (Konolige and Bowman, 2009), appearance similarity it is defined as

m
C(]:Va,fvb) = % — 1, (11)

where, m, is the number of inliers matched between frames in the local neighbourhood, Fy,, and, Fy,, and
m is the minimum number of features in either frame.

The number of inliers matched between frames, m, is equivalent to the number of Landmarks shared be-
tween the frames. Based on this similarity-measure, we follow Konolige and Bowman by defining a graph
with edges between vehicle frames if ¢(Fy,,Fy,) is smaller than some threshold, and defining clusters as
the maximally connected subsets of this graph. This is followed by deleting vehicle frames from each neigh-
bourhood until a target-number of frames is reached; this is done according to the LRU algorithm described
by Konolige and Bowman (2009). Landmarks that are associated with the deleted vehicle frames are also
removed. Note that there is no scoring function associated associated with this sampling policy per se.

4 Experimental Setup

To evaluate the proposed multi-session mapping pipeline, we use datasets collected with our research vehicle
for three different experiments. In this section, we give an overview of these datasets, followed by a description
of the different summary strategies we will test on the data. We also describe the procedures we use for
determining the values for availability, accuracy and complezity, that serve as the basis for evaluation in the
next section.

All data was collected with our two similar research vehicles (Figure 2). Gray-scale images from four cameras
were recorded at a resolution of 1280 x 800 pixels at a rate of 12.5Hz (at an interval of 80ms). For operating
the pipeline, the images were sub-sampled to 640 x 400 pixels. Exposure for all cameras was triggered at
the same time, but due to different exposure-times we observed a variance of up to 16ms between the actual
arrivals of images. Wheel-tick odometry samples were collected at a rate of 100Hz and synchronized with the
images via their common NTP-based timestamps. In addition to cameras and odometry, we also recorded
data from an iMar-iTraceRT-F400 INS/GNSS, which was available on one of the two test vehicles. The INS
provides pose-estimates with a precision in the order of centimeters, thus serving to provide ‘ground-truth’
estimates for evaluating the metric localization performance of the proposed pipeline.

In the car, we use an industrial-grade computer, with a desktop-architecture Intel Core i7 2600 CPU clocked
at 3.4 GHz, 16 Gigabytes of RAM, and a Solid State Drive (SSD) for storing data. Processing for the
localization pipeline was carried out offline on a copy of this machine with the same specifications. While
we performed the localization experiments offline, we have been running the proposed localization pipeline
on the vehicle for more than one year, successfully demonstrating automated driving based on the provided
localization results on numerous occasions. For batch-optimization of the multi-session maps, we utilized the
“Euler” high-performance computing cluster at ETH Ziirich.

4.1 Datasets

The datasets we use in our experiments were captured in two locations. The two Parking Lot datasets are
depicted in Figure 6, whereas the Suburban dataset is shown in Figure 7b. Detailed information about each
recording, including the time and weather conditions, is given in Appendix A.

The Year-Long Parking Lot dataset was collected in the busy parking area close to our research campus.
The DGPS tracks for the dataset route, which is of about 200 meters long, is shown in Figure 6¢. A total
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Figure 6: Example images for the 'Parking Lot’ datasets. Fach image is cropped from the rear camera view
at approzimately the same location. The left column shows the year-long dataset-, the right column the day-
night dataset. In the bottom left, the IMU/DGPS tracks associated with the datasets are shown superimposed
on an aerial image.

of 33 recordings were collected, starting in August 2013 and continuing until the end of July 2014, with a
break in February—March 2014. Figure 6a illustrates the dynamics of an example scene, demonstrating the
changes in parked cars, lighting and foliage.

This dataset contains a complete cycle of seasons, various weather and lighting conditions, as well as structural
change—especially in the form of a different configuration of parked cars every day. While the traversed path
is relatively short, the challenging aspect of this parking area is that it contains little permanent structure.
The campus building is visible in the distance on in some places, but often the views are occluded by parked
cars. Lamp posts and the (sparse) road markings appear largely unchanged. Some structure is offered by the
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Figure 7: Top: the IMU/DGPS tracks associated with the year-long ‘Suburban’ dataset. Bottom: example
snapshots from the dataset. FEach image is a cropped selection of the rear camera view, approrimately at the
same location.

trees throughout- and bordering the area, but their appearance changes heavily during the different seasons.

The Day-Night Parking Lot dataset records the transition from bright daylight to darkness on the same
path through the parking lot. Data was collected during a single day from mid-afternoon (15:00) to evening
(17:45), with a higher density during sunset (16:20). This amounted to a total of 20 recordings. Much of the
structure remains in place for this dataset—the parked cars are mostly unchanged—but the differences in
lighting are dramatic. During this overcast night, only the parts of the environment that are illuminated by
artifical light are visible to the cameras. The most notable light sources are street lights, and the illuminated
windows of the campus building.

Finally, the Year-Long Suburban dataset was recorded in a residential area in Wolfsburg, Germany. The
DGPS measurements for the approximately one-kilometer long route in this dataset are depicted in Figure 7a.
Recordings were made from October 2013 to October 2014, with a longer break in winter from December-
April, amounting to a total of 22 recordings. Again, example images that depict one scene throughout the
year, are shown in Figure 7b.



In contrast ot the Parking Lot datasets, there is a lot more permanent structure in this suburban area.
Single-family homes and apartment buildings, fences and driveways, remain largely unaffected by long-term
structural change, except for some ongoing minor construction. Vegetation does change as the seasons move
on, but it plays a minor role in the overall appearance of this dataset; so do parked cars and various dynamic
objects. The visual variability is therefore dominated by changes due to weather and lighting. In addition,
the roads in this area are relatively wide, compared to the parking area—changes in viewpoint occur more
often, as we avoid oncoming traffic and street-parked cars.

4.2 Strategies and Parameters

Table 1: Scoring functions, sampling policies and parameters employed for summarization. Combinations
are grouped according to three general strategies.

Scoring Samplin
Strategy Key Function nphng Parameters Description
Policy
f(lx)
Single . Map built from a single dataset, not
. Single - - - .
Session summarized.
Full Multi Full Map built from all available datasets, not
Session ) B B summarized.
Latest 1 AD <7 _ _ Only accept landmarks that have been seen in
Datasets Latest {0 o fllx) =1 s =1 the most recent dataset.
Fixed _ Score by the number of distinct datasets, |Dy|,
Threshold b2 Dkl Fllk) 2 7s s =2 associated with each landmark.
Local Local _ First rank by |Dy|, then by |Og|, pick the best
Ranking LDO Dl 10| Best Ng Ns = 1200 1200.
Memor The state machine described in Dayvoub et al.
Memory y Nstm =2 (2011), applied to each landmark with Ngrps
MM State flg)=1
Model . Ny =4 short-term- and Nppjs long-term- memory
Machine
states.
LRU Find clusters based on similarity threshold
A Removal s = 10 7s = 10.0. Remove least recently used Vehicle
Cllil psiilfiar?ce AC - on Local N. = Frames from neighbourhoods of consecutive N;
& Frame Ny =5 Map Frames until only N, clusters are left.
Clusters Described in Konolige and Bowman (2009).

For our evaluation, we consider a number of different Summary strategies. Each strategy is built by combining
a scoring function, a sampling policy and a set of parameters for scoring/sampling. The evaluated strategies
are shown in Table 1. The Table gives a key for each scoring function, that is used throughout the figures in
Section 5. Entries for the “Single” and “Full” maps, which are not summarized but are nonetheless part of
the evaluation, are also included in the table.

The Latest Datasets strategy chooses Landmarks that were seen during the most recent traversals of the
environment. By adjusting the threshold, 75, the number of sessions since the last observation of the landmark
is selected. This strategy is a simplified version of the way appearance-fusion is handled by pose graph pruning
approaches such as (Johannsson et al., 2012).

The Fized Threshold strategy involves picking landmarks based on a threshold on the scoring function.
Landmarks are admitted to the map whenever their score exceeds the given threshold. We use the number
of distinct datasets a Landmark was seen in, |Dg|, as an example scoring function to go with this sampling
policy.

While these first two strategies have been selected to demonstrate the basic principles of map summarization,
we also compare several more advanced approaches. These include a ranking based approach of our own
design, as well as two strategies adapted from literature.



The Local Ranking strategy selects a fixed number of Landmarks for each Map Frame. A lexicographical
ordering, based on multiple scoring functions, is applied to the Landmarks visible at each Map Frame. The
highest ranking N, Landmarks are included in the summarized map. For this evaluation, we first use the
number of distinct datasets, |Dg|, and second the number of observations, |Oy|, to build the ordering.

The Memory Model strategy is based on the approach described by Dayvoub et al. (2011). A memory state is
tracked per Landmark and per Map Frame; after a Landmark has initially been observed at a Map Frame, it
is expected to be seen during all additional sessions. Starting out in Short Term Memory, Landmarks need
to be seen Ngrjs-times consecutively, before they are admitted to Long Term Memory. Landmarks are kept
in Long Term Memory, unless they are missed Npras consecutive times. Both Landmarks from Long Term
as well as Short Term Memory are included in the Summary Map. By Dayoub et al. (2011), Long-Term
Landmarks are matched first during localization. Instead, we perform robust matching of all Landmarks,
regardless of their memory state.

The Appearance Clustering strategy applies the approach described by Konolige and Bowman (2009). We
select local metric neighbourhoods as groups of N; Map Frames. For each of these groups, the associated
Vehicle Frames are clustered based on a similarity threshold, 75. N, Vehicle Frames are selected for inclusion
in the map, following the LRU deletion algorithm described by Konolige and Bowman (2009). All Landmarks
that are associated with the selected Vehicle Frames are included in the Summary Map.

4.3 Evaluation Criteria

In this paper, we use three criteria to evaluate different localization and mapping strategies: availability mea-
sures the percentage of time the robot is able to localize within the map, accuracy measures the metric error
of the robot’s six degree of freedom (6-DOF) pose estimate with respect to ground truth, and computational
complezity measures the computational cost of localizing within the map.

4.3.1 Availability

The availability score is based on the ability of the pipeline to decide when localization was successful.
This is similar to the binary output for localizers proposed by Churchill and Newman (2013). To decide if
localization for a given vehicle pose was successful, we classify landmark-feature matches as either inliers or
outliers. This is done based on a threshold, 7,., given in pixels, on the reprojection error,

r=1/eI'W,e,, (12)

for each match (see Equation 3). Localization is considered successful if a minimum number of inlier matches,
Ninlier, with 7 < 7,., is found over all cameras. The values for the reprojection error threshold and the minimum
number of inliers have been manually selected based on our experience with automated driving in various
scenarios. The used values were: 7, = v/3 pixels and Nipjier = 40.

When considering availability, it is important to note that the proposed pipeline uses wheel-tick odometry in
order to predict the vehicle pose between localizations. This introduces an interaction between the driving
speed, localization rate, and the robustness of our system: larger gaps between localizations mean that larger
relative errors are accumulated, and need to be corrected. However, the precision of wheel-tick odometry —
which is usually excellent over short intervals — is not the sole source of error here. Localization errors in
rotation, that are propagated from a previous point in time, also play an important role.

We eliminate the influence of driving speed and localization rate, by using only a subset of image-tuples from
each test dataset. These samples are chosen at an evenly spaced intervals of 1.5m for all runs, where distance
is measured by wheel-tick odometry. This roughly corresponds to a car driving at 27 km/h, while localizing
at a rate of 5 frames/second. We evaluate the framerates achieved by our localization system separately.
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Figure 8: Coordinate frames and transformations involved in calculating the local metric error. Transfor-
mations provided by INS are shown as dashed blue- and vision-based estimates in solid green arrows. The
calculated ‘reference’ transformation Ty, ay, is shown in bold-dashed red.

The availability of wheel-tick odometry also means that it is possible to recover from momentary failures in
localization. In case a localization attempt is classified as a failure, we ignore the estimated pose, and use
the prediction made by odometry instead. With the next frame, localization is attempted anew.

4.3.2 Accuracy

To evaluate the quality of our localization results, we calculate the local metric error. The local error
quantifies the difference between the estimated transformation, Ty, s, and a ground truth transformation,

ij M;, between the the local map coordinate frame, F),, and the current vehicle coordinate frame, Fy;.
This error only evaluates the local accuracy of the estimate, including the localization and local mapping
errors. Global metric accuracy of the map is disregarded this way, but in our framework, it is also not
essential for automated path-planning and following (Bosse et al., 2003).

An overview of the coordinate frames and transformations involved in calculating the error is given by Figure
8. In order to calculate ij M;, time-synchronized INS estimates, Ty, ¢, relative to some! global coordinate
frame, F¢, are stored for all vehicle frames, Fy,, in the map. When localizing, the ‘mapped’ vehicle frame,
Fu;, closest to the current vehicle frame, Fy,, is selected. TVJ. M; is then calculated as ijgT‘_,klcTVk M,
where Ty, ¢ is the INS estimate for the current frame, and Ty, py, is the stored estimate for the pose of the
closest vehicle frame in the map.

Finally, we calculate the error as T‘_/leiij u; resulting in a 6-DOF transformation. To quantify the error
values present in this transformation, we split it into translation and rotation components t. and R.. We take
the root mean squared error (RMSE) of the translation errors for a test-run with N samples as, + ZZJ.V:O t7't,).
Rotational error is calculated by transferring R. into an axis-angle representation and using the average
magnitude of the rotation angle, |@.|, as the error metric.

1Specifically, the origin of UTM 32U.



4.3.3 Computational Cost

When operating the proposed pipeline both the memory required for storing maps on the vehicle as well as
the timing-performance of the system are important factors. A major concern is how these costs evolve, under
the application of different summarization strategies, as we add more datasets to the map. For measuring
the cost of storing maps, we consider the number of landmarks in each map; this dominates all other costs,
and is directly proportional to the physical map size.

5 Results

We have described a pipeline for building a multi-session map in order to cope with long-term changes in
an environment. Furthermore, we have gathered long-term datasets for two different scenarios, as well as a
dataset that records the lighting transition between day and night. In this section, we want to answer two
main questions:

1. Can we build a maps for the different scenarios, that are usable for localization in all seasons, weather
and lighting conditions?

2. What is the tradeoff between the computational cost associated with these maps and the availabil-
ity /error in localization, when we employ the proposed summarization procedures?

Referring to the first question, we analyze the availability of localization in the proposed framework. To
determine if the generated maps are useful, we also analyze whether the metric error of the 6-DOF pose
estimates they provide. With regards to the second question, we look at the size of the map, as well as the
computational cost — expressed as the framerate of our localization system — related to it.

We build multi-session maps for each scenario, using manually selected recordings from the available pool of
each dataset. The size of this selection was motivated primarily by limits on the computation time for the
mapping process. These mapping-sessions were chosen first to sample regularly over the time spans covered
by the datasets and second to reflect a range of environmental conditions. The mapping-sessions picked in
this way are identified in table 2-4 in Appendix A. The other recordings were used as additional test data.

For the Year-Long Parking Lot and Suburban datasets, we used an incremental mapping and test procedure.
Starting with an initial map base on the first mapping-session for each dataset, we built up the map by
fusing all mapping-sessions in chronological order. At each time step, we also generated several Summary
Maps based on the most recent full multi-session map. For this purpose, the Summary strategies described in
Section 4.2 were used. All recordings were localized against the most recently available full and summarized
maps, as well as the initial ‘single-session” map.

The evaluation of the Day-Night dataset followed a different mapping process. We first built a complete map,
based on all mapping-sessions added in chronological order, which we then summarized. The test datasets,
which were not fused into the map, were used to evaluate the localization performance using the complete
map. We chose this process in order to evaluate the performance of the complete day-and-night map under
all lighting conditions.

In this section, we first provide a detailed description of the experimental results for our three evaluation
criteria — availability, accuracy and computational cost. Afterwards, we will discuss the general findings that
we identify based on these results.
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Figure 9: Availability as localization success rate for the Year-Long datasets. Calculated as the number
of successful localizations (see 4.3.1) divided by the total of localization attempts, per map and dataset in
chronological order. Split between basic and advanced summarization strategies. Arrows at the bottom indicate
when a mapping dataset was injected into the multi-session map. Sun- and cloud-symbols indicate lighting
conditions.
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Figure 10: Availability for the Day-Night dataset, calculated as the number of successful localizations divided
by the total of localization attempts (see 4.3.1). Split according between basic and advanced summarization

strategies. A downscaled image from the front-camera is shown at the bottom, to indicate overall scene
tllumination.

5.1 Availability

The results for the Year-Long Parking Lot and Suburban experiments in figures 9a and 9b respectively. In
each figure, the summary strategies (c.f. Table 1) are presented in two groups: the basic strategies (full,
single, Latest and D2) on top, the advanced strategies (LDO, MM and AC) below. These figures relate each
test recording to the localization success rate (c.f. Section 4.3.1). Recordings that were incorportated into
the map, after testing, are marked an arrow and a grey background.

Below the recording timeline, a rough overview of the lighting conditions is given for each dataset. Appendix A
seperately describes the weather conditions, azimuth and altitude of the sun. We found the nature of outdoor
scene lighting difficult to classify according to a single discrete label. For Figure 9, we have chosen three
categories for describing the illumination. Strong intensity (sun symbol) was chosen when drop-shadows,
under a bright sun, were clearly visible in the images. Medium intensity (sun-and-cloud symbol) indicates
that a single light source was clearly illuminating the scenes; shadows are not always visible. Diffuse lighting
(cloud symbol) means that a single light source was seemingly absent and no shadows could be seen.

As evident from the figures, by incorporating new information throughout, we can build a map that is
consistently useable for localization over a long period. In the parking lot, Figure Ya, the success rate
for the single-session map quickly drops, in line with results reported for other localization systems (c.f.
Furgale and Barfoot (2010), Muehlfellner et al. (2013)). The full multi-session map, which experiences the
same drop, but recovers as new data is added to it. The Summary Maps generally perform well, but experience
some problems during some periods (see below).

Availability of the single-session map for the suburban dataset, Figure 9b, is more erratic — fluctuating
between high and low success rates. We believe this shows that the mode of visual change is different for
this area. While there is still seasonal variation in the vegetation, and other minor long-term structural



alterations, there is also a lot of permanent structure visible throughout. Additionally, there are faster
changes related to lighting and weather. The initial map was recorded during overcast weather, with diffuse
lighting. Figure 9b indicates that there is a trend for this map to fail in when lighting is strong.

In contrast, the full multi-session map, and the maps derived from it, provide stable performance for the
whole range of conditions. This consistently good performance makes the multi-session map preferrable also
for this dataset.

Summary strategies profit from the ability to keep information around, even if it is not used within the most
recent iterations of the map. This is evident for the parking lot dataset, Figure 9a, where the progressive
change of seasons is influential. There are noticeable drops in the performance of all strategies, on April 25"
of and on May 5" during spring 2014. These recordings correspond to a transitional period in the foliage,
as exemplified by the snapshot from April 25" shown in the fourth row of Figure 6a.

The Latest map twice completely fails to localize during this period, as it does not retain information beyond
that recorded during winter. Similarly, the MM map suffers from a breakdown; the long-term memory
mechanics prohibit it from keeping Landmarks that were not seen for Ny (4) sessions, which only record
information from November to January. The AC map, which tries to preserve appearance diversity but
prefers newer clusters nonetheless, also seems more affected than the other strategies. This difference in
failure rate indicates that some of the landmarks retained from the previous summer and autumn in the
other maps, are actually useful for localization at this point in time.

This is further corroborated by the performance of the various strategies for the last recordings, from Novem-
ber and December 2014. At this point, information was injected into the map on July 2°¢ for the last
time. The information avaiable to the time-dependent strategies—Latest, MM and AC—is dominated by
Spring/Summer. They fail during the next transition to autumn.

There is also a peculiar drop in the performance of the Latest map, and all maps from the advanced category,
on October 17", For this recording, the sun is hanging very low in the sky, casting long shadows. While the
illumination is not as strong as on some of the other days, this configuration is atypical. The reduced models
for these strategies do not seem to cope well with these conditions.

The different Summary strategies perform on par with each other for the suburban dataset. The performance
of the Latest strategy is surprisingly good, except for one fluctuation during the—very sunny—recording made
on July 23"d. The prevalence of permanent structure seems to mitigate the effect of transitory periods.

The availability of localization for the Day-Night dataset is shown in Figure 10. All test recordings were
taken on the same day, November 18'"; the recording time is given on the horizontal axis. Furthermore, a
strongly downsampled snapshot from each dataset is shown below the time. This is intended to give a rough
idea of the overall scene illumination for the dataset.

As the sun sets, between 16:17 and 16:47, the performance of the single-session map drops sharply. Consid-
ering the appearance change depicted in Figure 6b, this is not surprising. In contrast, the full multi-session
map—which incorporates recordings from day and night—performs well throughout the whole timeframe.
The artificial lights visible at night provide enough features to enable this. Transitioning from day to night
is helped by the beacon-like nature of the street lamps.

The performance of the Summary Maps mirrors that of the full multi-session map. The simple D2 scheme
performs proportional to the full map throughout. Similarly, the LDO and MM schemes perform well both
during day and night. The success rate is generally lower at night, but so is the number of visible features
throughout the recordings, while the success criteria remain the same. Section 5.2 shows that we are still
able to obtain reasonable metric accuracy during the night.

The performance of the AC map is slightly worse during the day. This strategy prefers newer information



Figure 11: Metric 6-DOF pose estimates, illustrated as oriented 3D azis-triples in a common reference
frame per location. The results for several test runs from the Suburban dataset are shown; the example two
locations are identified in the lower right corner. For scale, square grid cells with one meter side length are
depicted. Viewpoint variations, such as the swerves in A which were necessary in order to avoid street-parked
cars, are handled naturally by the proposed metric pipeline. These results are based on the map created using
the LDO strategy.

due to the employed LRU deletion scheme—since the night recordings were later than the day recordings,
this property causes it to discard information from the day. Nonetheless, the performance is reasonable
throughout.

The evaluation of the Day-Night dataset shows us that the proposed mapping procedure can cope with
extreme scene changes, in addition to the structural and seasonal variations captured by the long-term
datasets. While the performance of the different summary strategies varies, we can nonetheless identify
two candidates—LDO and AC—that provide good performance throughout. Strategies that do not preserve
visual information in the long term, either by simply selecting the most recent samples (Latest) or by putting
a hard limit on the long-term memory (MM) cope less well with the slow variation of seasonal transitions.
Next, we evaluate the metric localization error, in order to determine whether localization is accurate and
useful when it is available.

5.2 Metric Accuracy

Providing locally accurate metric localization is one of the major goals of the proposed pipeline. Figure 11
illustrates the 6-DOF pose output produced, using the LDO map, at two example locations of the Suburban
dataset. The Figure also shows the viewpoint variations in the dataset that result from the need to avoid
obstacles.

We evalaute the accuracy (see Section 4.3.2) based on the INS reference system. This error is calculated for
both successful and failed localizations. If there is a localization failure, the prediction from the odometry
system is in place of the estimate by the visual localizer. For automated driving, this is the full system error
that we are interested in.

Detailed values for the translational RMSE and the absolute angular deviation, for all datasets and Summary
strategies, are given in Appendix B. If estimates are available—the success rate shown in figures 9 and 10
is high—the behaviour of the metric error for the various Summary maps is very similar. Given the INS
employed as a reference sensor, these differences in error are too small to be meaningfully compared. This is
to be expected, as the Summary Maps are based off the same, optimized, multi-session geometry. Therefore,
we will simply compare the error of the single-session map to the error of the LDO strategy in the following,
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(b) Translation Error for the Year-Long Suburban dataset.

Figure 12: Fvolution of the RMS translational error for the Year-Long datasets. Arrows and grey bars
indicate mapping datasets. Sun- and cloud-symbols indicate lighting conditions. Error values are only shown
if the reference IMU/DGPS system was available, and if there was at least one successful localization for
the recording. On July 237, the translational error was exceedlingly high for the single-session map and the
Suburban dataset; this is truncated in the figure.
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Figure 13: FEvolution of the RMS translational error for all datasets. To demonstrate illumination condi-
tions, a downscaled image is show below each test-time. Note that the DGPS system suffered from intermittent
problems at 16:31 and 17:27 — the final error for the LDO map at 17:36 should not be overlooked. Errors are
also only shown if there was at least one successful localization.

since this summary strategy generally provides high availability.

Generally, we have observed non-vanishing mean values in the Y and Z components of the error—which can
not be seen from the depicted RMSE values directly. These point towards the difficulties in the long term-
operation of the combined visual and INS-system. It is possible for both the quality of the INS calibration
relative to the camera system to degrade, as well as for biases to be introduced by the nature of the DGPS
system that is employed within the INS. Similar difficulties using DGPS for ground-truth assessment have
been reported in other papers (Churchill and Newman, 2013, McManus et al., 2013). We have omitted several
recordings from the evaluation, where clear biases, or missing samples were observed for the INS.

Figure 12a shows how the translation error develops for the Year-Long Parking Lot dataset. During late
October and early November 2014 the error is high for both maps. This happens at the same time as the
initial drop in availability depicted in Figure 9a. For the remainder of the observed time span, the LDO map
consistently provides small errors, while the performance of the single-session map degrades. These low error
values show that the map is internally consistent, and that introducing large amounts of new data through
the course of a year does not degrade performance.

The translation error for the Year-Long Suburban dataset is shown in Figure 12b. Again, the multi-session
LDO map provides low errors, while the single-session map is subject to high errors and complete failures.
For this dataset, an especially large number of recordings had to be excluded from the metric error evaluation,
due to to obvious DGPS biases.

Similarly, the metric error for the LDO map for the day-night dataset is very low. Once more, these results
indicate general metric consistency of the map, even under very different illumination for the individual
sessions. The error of the day single-session map is low when localization is available; during the night, no
estimates could be provided.

To demonstrate how the system typically behaves during a single localization run, Figure 14 compares the
translational error for the single-session and the LDO map for an example recording from the Year-Long
Parking Lot dataset, from November 12" 2013. In this plot, the X-, Y- and Z-errors are summarized by the
norm, ||¢||, of the translation error vector. For the single-session map it can clearly be seen how the estimate
drifts, when localization fails for longer amounts of time; the estimate jumps back to a better value as soon
as localization succeeds again. When localization succeeds, the error is small for both maps.
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Figure 14: Translational error, summarized as the norm, |[t||, of the X-, Y-, Z-error vector over distance
traveled during a single dataset. Localization failures (see Availability, Section 4.3.1) are marked with a
faint-red background. This demonstrates how estimates drift when localization fails.

By investigating the metric error, we have confirmed that the proposed map provides useful, accurate 6-DOF
pose estimates. This is the case when many session are incorporated over a very long timeframe, and even
under extreme changes in lighting. Next, we have to investigate the computational cost associated with the
various Summary Maps.

5.3 Computational Cost

Figure 15 shows how the number of landmarks evolves, for the maps created based on the Year-Long Parking
Lot dataset. The number of landmarks in a map dominates the storage cost of maps.

For both the full multi-session map and the Fixed-Threshold maps, the number of landmarks grows without
bounds in an approximately linear fashion. Trivially, the number of landmarks stays the same or oscillates
around a single value for the single-session map and the maps created with the Latest strategy.

For the advanced strategies — LDO, MM and AC — we have tried to choose parameters such that they reach
comparable sizes. All advanced maps have mechanisms built in that lead to more-or-less constant map sizes.
The MM strategy is limited by the size of the long-term memory, whereas the number of preserved clusters
is the deciding parameter for the AC strategy.

Maps created with the LDO strategy also converge to a fixed size after some time. The drop in the number
of landmarks for the LDO maps can be explained as an effect of the quantization of the ranking function.
When the proposed integer-valued scoring functions are used, multiple landmarks can occupy the same rank.
We implemented the sampling policy in a conservative fashion; if a landmark for a given rank is admitted,
all other landmarks of the same rank are also included in the map. Since many landmarks occupy a limited
number of ranks during the first sessions, this implementation leads to a significant overshooting in the
number of desired landmarks. As more observations are made, the ranking for the landmarks becomes more
fine grained, allowing the local-ranking maps to converge in size.

In general, we have no requirement for operating the proposed system at the framerate provided by our camera
system. When the pipeline is used for automated navigation, localization runs in the background, providing
the newest pose estimate to other software components whenever it becomes available. To output estimates
at the high rate required by local path planning and control, wheel-tick odometry is used to extrapolate from
the most recent estimate. However, for the accumulated error due to odometry integration to stay bounded,
we require regular updates from the localization pipeline.

The framerate—the number of frames localized per second—of our localization pipeline for the various map
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types and sessions is shown in Figure 16. These framerates were recorded during offline operation, on the
computer described in section 4. Scaling, feature-extraction, and other image processing operations are not
reflected in this figure. They are carried out in a separate processing step, and remain the same over all map

types.

The behaviour of the framerate is roughly inversely proportional to the number of landmarks in the map.
This indicates that the available number of landmarks dominates the complexity of the involved algorithms.
The LDO map outperforms the other Summary strategies.

5.4 Discussion

In the above experiments, we have looked at the availability and metric accuracy of localization in several
scenarios, as well as at the computational cost associated with different summary strategies. Based on the
results of these experiments, we identify the following main findings:

It is possible to build maps that work for localization across a wide range of conditions (through
seasonal or diurnal cycles) by merging data from multiple sessions. The multi-session maps we
have built incorporate datasets that are recorded under disparate conditions. Likewise, we have performed
tests of the resulting maps on a similarly wide range of recordings. The results of these experiments not
only show us that localization is possible under these very different conditions (Section 5.1) but that we can
maintain low metric errors throughout (Section 5.2).
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Figure 16: The framerate of the full localization pipeline without feature extraction, for the various map

types, over all datasets. Grey vertical lines indicate when new data was added to the map. The framerate of the

unbounded maps steadily drops as new sessions are added, while the advanced strategies provide approximately
constant framerates. Generally, the behaviour mirrors the growth in map size shown in Figure 15.

We summarized the full map, reducing the number of landmarks contained in the resulting maps by a factor
of, roughly, ten (Figure 15). Both the AC and LDO strategies, as well as the basic D2 strategy are still
available throughout wide ranges of conditions. For these summary strategies, localization remains both
accurate and highly available, even under a massive reduction in map size.

Highly available, constant size, maps can be built. Referring to both the localization availability of the
various maps (Figure 9) and the map size (Figure 15), we can identify several distinct behaviours. Maps that
are not limited in size—the full and the Fixed-Threshold D2 maps—have high success rates after accumulating
several sessions. In comparison, the maps based on the Latest strategy, which have approximately constant
size, intermittently suffer from complete failures. These failures also affect the MM map, which has a similar
hard limit on the age of landmarks.

The LDO and AC maps are of approximately fixed size. They generally perform slightly worse than the
unlimited maps, but still provide reasonable performance at a massive reduction of storage cost. This makes
them preferrable to the other Summary strategies.

The results with maps of constant size also indicate that a certain number of landmarks can capture the
visual variability in an environment (similar to the experience-saturation in Churchill and Newman (2013)).
This even seems possible in highly dynamic car-parks and under day-night lighting changes. Fundamental
changes, such as passing seasons, cause performance drops, but can be handled gracefully using the right
Summary strategy.



Using all available information on a per-landmark basis proves beneficial. At times of significant
change in environment appearance, during spring and autumn for the Year-Long Parking Lot dataset, the
LDO strategy outpforms AC.

The AC strategy tries to select a diverse set of vehicle frames to reflect the visual appearance of each local
neighbourhood, preferring newer information. In contrast, LDO has no special preference for data based on
its timestamp, and does not enforce grouping landmarks into keyframes. Rather, two simple statistics — the
number of datasets and the total number observations per landmark — are collected over all sessions and used
to select the best individual landmarks. In this way, LDO provides a better landmark-selection for long-term
localization, at the same map size.

6 Conclusion

We have described, implemented, and evaluated a full system to solve the problem of long-term visual
localization. At the core of this system is a pipeline that alternates online localization and offline map-fusion
to maintain a multi-session map. Information from different sessions is registered in common, metric, local
coordinate frames. This enables the estimation of an unambiguous vehicle pose over a wide range of lighting
conditions, seasonal change, and weather by mixing landmarks from multiple sessions.

While all data is aggregated for offline batch processing of the map, we propose producing a summarized
version of it for online localization that contains only the most pertinent landmarks. For Summary Maps, a
framework of scoring functions and sampling policies is defined. Scoring functions leverage the cross-session
landmark data-associations, to predict the usefulness of landmarks for localization. Sampling policies select
landmarks based on the scores assigned to them, possibly incorporating the local geometric properties of the
map.

The proposed system was evaluated on an extensive collection of datasets, recorded over the span of one and
a half years at two different locations. The datasets depict seasonal change and various weather conditions,
as well as the transition for day to nighttime. We built multi-session maps for these different scenarios, with
the goal of covering all environment conditions. From our evaluation, we saw that the multi-session map
provided consistently good performance, with regards to availability for localization and metric error.

We explored the tradeoff between the computational cost, regarding both map size and framerate, and
availability /error. While the full multi-session map provides the best performance at a very high cost, a
compromise can be reached based on the proposed summarization strategies. We have compared several
summary strategies, including appearance-based clustering (AC) based on the work Konolige and Bowman
(2009), the memory model (MM) of Dayoub et al. (2011) and a local ranking strategy (LDO) of our own
design. Both AC and LDO are able to provide maps that are consistently good for localization, while
maintaining a constant map size. LDO outperforms the other strategies in the Year-Long Parking Lot
environment, which is subject to strong seasonal changes.

We believe that the long-term mapping life cycle depicted in Figure 1 is an approach that can scale in all the
ways necessary for lifelong operation of fleets of mobile robots in vast environments. This paper represents
our first implementation of this concept and the excellent performance suggests that it is a clear way forward
for future research.

As a first step, we would like to explore different strategies for producing the Summary Map. The strategies
that we propose for map summary are only the very basics of what is possible with this approach. One could
create new sampling strategies that ensure strong landmarks are well separated in image- or descriptor-space,
or choose configurations of landmarks that are likely to produce the most accurate localization estimate. As
more data is gathered, further offline processing could lead to place-specific data generated for the summary
maps. For example, one could perform further processing of the image features, such as the quadratic



discriminant analysis used in Bosse and Zlot (2013), to create place-specific transformations of the feature
space that produce the best localization results. One could even produce place-specific features such as the
Scene Signatures proposed by McManus et al. (2014b). The take-away message is that processing the map
data offline opens up the use of computationally expensive techniques to produce the summary map that
gives the best localization result for the lowest computational cost.

Another focus will be to address the scalability of this concept with respect to a number of different aspects.

If we would like to scale this approach to larger areas, longer time scales, and more robots, we will have to
deal efficiently with torrents of incoming data. Although we would like to produce maps using all data over
all time, this is clearly impossible for any practical case. First, we must develop cluster-capable optimization
algorithms (Agarwal et al., 2010, Ni et al., 2007, Snavely et al., 2008) and utilize windowed or relative map
representations (Sibley et al., 2009). Second, we must also have the possibility to produce summary maps in
the offline system. Inevitably, if the system is built to run continuously, some marginalization of raw data
and sparsification of the pose graph will be necessary. Finding the best methods of summarizing data is an
interesting avenue of research (Carlevaris-Bianco and Eustice, 2013, Johannsson et al., 2012, Mazuran et al.,
2014). Furthermore, communication constraints may enforce that only a subset of data will make it back to
the server for processing. Because of this, we would like to explore strategies for the online selection of data
that is new or surprising.

Finally, we would like to implement this system on a team of field robots that is deployed continuously. This
will involve significant work automating every step of the pipeline but it is clearly an important next step
towards the goal of lifelong localization for mobile robots deployed in real-world environments.
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A Appendix: Data

Tables 2 to 4 give a detailed overview of the datasets that were used for the long-term mapping and localization
experiments.

The INS Status column indicates whether the INS system was providing useable data for this run. Recordingss
for which the INS provided a biased or inaccurate output, or for which there was no INS available on the
vehicle, are marked with ‘Defunct’. These recording where excluded from the metric error evaluation. The
columns Illumination, Foliage, Clouds were filled in manually, to classify the state of the environment. The
criteria for filling in the Illumination are given at the start of Section 5.1. Solar Altitude and Azimuth
were determined using the PySolar library?. The final column indicates whether this recording was used for
mapping, showing the number of the corresponding mapping session.

B Appendix: Local Metric Errors

The local metric errors for all test-datasets and sampling strategies are given in tables 5 - 7. These tables
give the Root Mean Squared (RMS) Error for the translation, as well as the average magnitude of the overall
angular error. Local metric errors are calculated as described in section 4.3.2. For a discussion of these
values, see section 5.2.
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Table 2: Details for the Year-Long Parking Lot dataset.

Solar Solar
#  Date, Time Z:::Z)twn INS Status Illumination Clouds ?g;th 2%2: Foliage s]\,/{iiif;;bg
(deg) (deg)
0 2013-08-20 16:29 01:39 Nominal Diffuse Overcast 284.9 26.47 Full 0 (Initial)
1 2013-09-19, 10:09 02:28 Defunct Diffuse Overcast 37.1 33.02 Full
2 2013-10-04, 14:39 02:10 Nominal Diffuse Overcast 317.2 24.47 Full
3 2013-10-11, 15:15 01:53 Nominal Diffuse Overcast 309.4 17.87 Transitional 1
4 2013-10-17, 15:24 01:47 Nominal Strong Scattered 308.1 14.69 Transitional
5 2013-10-23, 14:08 01:54 Nominal Strong Scattered 326.5 20.43 Transitional 2
6 2013-10-31, 13:55 02:00 Nominal Strong Few 330.4 18.86 Transitional
7 2013-11-07, 14:09 02:09 Nominal Diffuse Overcast 327.8 15.75 Bare
8 2013-11-08, 10:25 02:11 Nominal Strong Few 23.86 17.97 Bare 3
9 2013-11-12, 15:17 02:57 Nominal Diffuse Broken 313.3 7.951 Bare
10 2013-11-19, 12:21 02:24 Nominal Diffuse Overcast 355.3 17.95 Bare
11 2013-12-03, 15:37 02:31 Defunct Diffuse Few 312.6 2.761 Bare 4
12 2013-12-06, 13:49 01:21 Nominal Medium Broken 336.1 11.88 Bare 5
13 2013-12-10, 10:54 02:23 Nominal Diffuse Overcast 17.73 12.94 Bare
14  2013-12-12, 10:31 02:40 Nominal Diffuse Fog 23.17 11.51 Bare
15 2014-01-14, 12:43 02:25 Defunct Strong Clear 355.8 16.27 Bare 6
16 2014-04-04, 15:03 02:37 Defunct Diffuse Overcast 309.2 32.57 Bare 7
17 2014-04-14, 10:49 02:28 Defunct Medium Broken 30.43 43.52 Bare
18 2014-04-25, 11:27 01:13 Nominal Strong Clear 18.0 49.69 Transitional
19 2014-04-28, 10:07 02:41 Nominal Diffuse Broken 45.3 44.21 Transitional 8
20 2014-04-30, 09:13 02:18 Nominal Medium Scattered 60.63 38.23 Transitional
21  2014-05-05, 14:56 02:08 Nominal Strong Clear 302.9 41.8 Transitional
22 2014-05-14, 10:18 02:34 Nominal Diffuse Broken 44.38 49.52 Full 9
23 2014-05-21, 17:07 02:04 Nominal Strong Clear 269.9 25.87 Full
24 2014-05-26, 13:49 02:08 Nominal Strong Scattered 320.2 53.68 Full
25  2014-05-28, 16:37 02:29 Nominal Diffuse Overcast 275.3 31.55 Full
26 2014-06-11, 15:23 02:03 Nominal Medium Scattered 291.3 44.12 Full 10
27 2014-06-30, 18:10 02:10 Nominal Diffuse Overcast 257.2 19.64 Full 11
28 2014-07-02, 08:44 02:08 Nominal Diffuse Broken 75.78 39.74 Full
29 2014-07-16, 18:46 01:27 Nominal Medium Few 252.3 13.39 Full 12
30 2014-07-23, 09:05 01:43 Nominal Strong Few 68.85 40.18 Full
31 2014-07-30, 09:07 02:03 Nominal Diffuse Overcast 67.33 39.1 Full
32 2014-07-31, 14:45 02:07 Defunct Medium Few 307.4 45.98 Full
33 2014-09-01, 18:29 02:04 Nominal Strong Few 262.6 4.681 Full
34 2014-09-08, 18:06 02:03 Nominal Strong Few 268.2 5.76 Full
35 2014-09-12, 17:50 02:07 Nominal Diffuse Overcast 272.1 6.801 Full
36 2014-10-17, 17:08 01:16 Nominal Medium Scattered 286.2 0.9232 Transitional
37 2014-10-29, 10:21 01:26 Nominal Diffuse Overcast 25.81 20.76 Transitional
38 2014-11-18, 14:19 02:01 Nominal Diffuse Overcast 326.8 12.36 Bare
39 2014-12-09, 11:24 01:48 Nominal Strong Few 10.63 14.18 Bare
Table 3: Details for the Year-Long Suburban dataset.
Solar Solar
#  Date, Time Z:::Z)twn INS Status Hllumination Clouds ?g;th 2%2: Foliage S]\'/{aiif;;bg
(deg) (deg)
0  2013-10-11, 15:20  29:28 Nominal Diffuse Overcast 308.1 17.23 Transitional 0 (Initial)
1 2013-10-17, 16:18 17:58 Nominal Diffuse Scattered 296.4 7.703 Transitional
2 2013-10-23, 14:14 18:57 Nominal Medium Scattered 325.0 19.91 Transitional
3 2013-10-31, 13:09 18:32 Nominal Strong Few 342.0 21.73 Transitional 1
4 2013-11-12 15:23 19:26 Nominal Diffuse Broken 312.2 7.345 Bare 2
5 2013-12-03 15:13 18:25 Nominal Diffuse Scattered 317.5 5.239 Bare 3
6 2013-12-10 09:59 17:34 Defunct Diffuse Overcast 30.08 9.586 Bare
7 2014-04-14 09:04 11:47 Defunct Medium Broken 60.14 32.11 Transitional 4
8 2014-04-28 11:41 19:01 Defunct Medium Scattered 12.87 51.22 Transitional 5
9 2014-04-30 08:02 16:59 Nominal Strong Few 77.23 28.17 Transitional 6
10 2014-05-14, 09:34 11:17 Nominal Diffuse Broken 57.77 44.23 Full
11  2014-05-19, 13:48 11:39 Nominal Diffuse Scattered 321.5 52.57 Full
12 2014-05-21, 17:29 11:54 Defunct Medium Clear 265.8 22.65 Full
13 2014-05-26, 13:55 11:54 Nominal Diffuse Scattered 318.2 53.11 Full
14  2014-05-28, 16:45 11:06 Nominal Diffuse Overcast 273.7 30.41 Full
15 2014-06-11, 15:36 10:20 Defunct Diffuse Scattered 287.9 42.15 Full 7
16 2014-06-25, 09:07 08:53 Defunct Medium Overcast 70.14 43.64 Full
17 2014-06-30, 18:16 09:43 Nominal Medium Overcast 256.2 18.84 Full 8
18 2014-07-02, 08:50 09:25 Nominal Medium Broken 74.36 40.64 Full
19 2014-07-16, 18:21 08:41 Nominal Strong Few 257.0 17.05 Full
20 2014-07-23, 09:11 08:32 Nominal Strong Few 67.47 40.97 Full
21  2014-09-12, 18:05 09:13 Nominal Diffuse Overcast 269.1 4.506 Full
22 2014-10-17, 17:17 04:08 Nominal Diffuse Overcast 284.5 -0.171 Transitional




Table 4: Details for the Day-Night dataset.

Solar Solar
#  Date, Time (Dgz"z)twn INS Status Illumination Clouds ?g;th ::Ll:;: Foliage S]\'/c[aiifozzg
(deg) (deg)
0  2014-11-18, 14:19  02:01 Nominal Day Overcast 326.8 12.36 Bare 0 (Initial)
1 2014-11-18, 15:15 01:51 Nominal Day Overcast 314.7 7.039 Bare
2 2014-11-18, 15:28 02:10 Nominal Day Overcast 311.9 5.594 Bare
3 2014-11-18, 15:39 02:15 Nominal Day Overcast 309.7 4.375 Bare
4 2014-11-18, 15:53 02:02 Nominal Day Overcast 306.9 2.769 Bare
5 2014-11-18, 16:01 02:07 Nominal Day Overcast 305.3 1.873 Bare 1
6 2014-11-18, 16:12 02:00 Nominal Dusk Overcast 303.1 0.595 Bare
7 2014-11-18, 16:17 02:02 Defunct Dusk Overcast 302.0 0.02923 Bare 2
8 2014-11-18, 16:24 02:03 Nominal Dusk Overcast 300.7 -0.725 Bare
9 2014-11-18, 16:31 01:59 Nominal Dusk Overcast 299.2 -1.711 Bare 3
10 2014-11-18, 16:37 02:20 Nominal Dusk Overcast 298.1 -2.745 Bare
11 2014-11-18, 16:42 02:09 Nominal Night Overcast 297.1 -3.621 Bare 4
12 2014-11-18, 16:47 02:06 Nominal Night Overcast 296.1 -4.474 Bare 5
13 2014-11-18, 16:53 02:06 Nominal Night Overcast 295.2 -5.25 Bare
14  2014-11-18, 16:59 02:04 Nominal Night Overcast 294.0 -6.133 Bare
15 2014-11-18, 17:05 02:03 Nominal Night Overcast 292.9 -6.987 Bare 6
16 2014-11-18, 17:11 02:16 Nominal Night Overcast 291.7 -7.883 Bare
17 2014-11-18, 17:19 02:22 Defunct Night Overcast 290.2 -8.983 Bare 7
18 2014-11-18, 17:27 02:08 Nominal Night Overcast 288.6 -10.2 Bare
19 2014-11-18, 17:36 02:06 Nominal Night Overcast 286.9 -11.46 Bare
Table 5: Year-Long Parking Lot Local Metric Error

First First Multi  Multi | Latest Latest| D2 D2 AC AC MM MM LDO LDO

RMS  |¢e| RMS  |¢e| RMS o] RMS o] RMS o] RMS o] RMS o]

(m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg)
19.09. | 0.20 0.85 0.22 1.00 0.20 0.86 0.20 0.90
04.10
11.10. 0.22 1.16 0.13 1.16 0.13 1.17 1.47 2.45 0.17 1.14 0.13 1.16 0.13 1.17
17.10 1.69 3.29 1.05 2.10 1.25 2.65 1.44 2.84 1.40 2.71 1.03 2.07 1.03 2.08
23.10. 1.89 3.83 0.71 1.64 1.37 2.23 1.75 2.84 1.10 2.01 1.09 2.06 1.34 2.22
31.10. | 1.72 3.67 0.32 1.26 0.25 1.09 1.42 2.33 0.34 1.26 0.34 1.26 0.52 1.44
07.11 1.40 2.97 0.23 1.18 0.38 1.24 0.95 1.66 0.98 1.72 0.23 1.20 0.90 1.69
08.11 1.33 2.89 0.12 1.22 0.16 1.09 0.12 1.21 0.12 1.20 0.12 1.20
12.11 0.66 1.76 0.12 1.13 0.13 1.13 0.22 1.09 0.12 1.12 0.12 1.12 0.12 1.13
19.11 1.59 2.74 0.14 1.01 0.14 1.00 0.16 0.92 0.14 1.00 0.14 1.00 0.14 1.01
03.12 0.15 1.21 0.15 1.21 0.15 1.21 0.15 1.22 0.15 1.21 0.15 1.22
06.12
10.12 1.56 3.13 0.15 1.23 0.15 1.24 0.15 1.22 0.15 1.22 0.15 1.23 0.15 1.23
12.12. | 1.66 3.56 0.15 1.21 0.15 1.20 0.15 1.19 0.15 1.19 0.15 1.20 0.15 1.20
14.01. 0.72 2.71 0.16 1.20 0.16 1.19 0.16 1.19 0.16 1.19 0.16 1.18 0.16 1.19
04.04.
14.04.
25.04.
28.04. | 0.24 1.48 0.17 1.40 0.17 1.40 0.18 1.39 0.17 1.39 0.17 1.39 0.17 1.41
30.04. | 0.36 1.72 0.18 1.31 0.17 1.30 0.18 1.30 0.17 1.29 0.17 1.30 0.17 1.29
05.05. 0.91 2.57 0.24 1.45 0.23 1.43 0.24 1.41 0.24 1.42 0.23 1.42
14.05. 1.55 3.40 0.17 1.44 0.18 1.43 0.17 1.39 0.17 1.37 0.17 1.39 0.17 1.40
21.05. | 0.25 1.75 0.17 1.44 0.17 1.44 0.17 1.42 0.17 1.44 0.17 1.43 0.17 1.44
26.05. | 2.53 7.46 0.17 1.41 0.17 1.42 0.17 1.40 0.17 1.38 0.17 1.42 0.17 1.40
28.05. | 1.67 3.30 0.17 1.30 0.17 1.29 0.17 1.29 0.17 1.28 0.17 1.29 0.17 1.29
11.06. | 1.65 5.53 0.18 1.38 0.18 1.39 0.18 1.37 0.18 1.38 0.18 1.40 0.18 1.39
30.06. 2.89 8.77 0.21 1.30 0.21 1.30 0.21 1.28 0.21 1.32 0.21 1.29 0.21 1.29
02.07. 0.61 2.49 0.17 1.33 0.17 1.34 0.17 1.32 0.17 1.34 0.17 1.34 0.17 1.30
16.07. | 3.44 9.86 0.17 1.29 0.17 1.27 0.17 1.28 0.17 1.28 0.17 1.29 0.17 1.25
23.07. | 3.06 8.81 0.17 1.35 0.17 1.36 0.17 1.36 0.17 1.36 0.17 1.37 0.17 1.33
30.07. | 2.40 7.16 0.17 1.34 0.17 1.37 0.17 1.33 0.17 1.34 0.17 1.37 0.17 1.31
31.07. 3.41 9.38 0.19 1.44 0.19 1.43 0.19 1.42 0.19 1.47 0.19 1.44 0.19 1.40
01.09.
08.09. 1.77 3.32 0.17 1.27 0.17 1.26 0.17 1.26 0.17 1.26 0.16 1.27 0.17 1.27
12.09. | 0.77 2.03 0.17 1.25 0.17 1.26 0.17 1.24 0.17 1.26 0.17 1.25 0.17 1.25
17.10. 0.22 1.53 0.24 1.46 0.22 1.48 0.23 1.48 0.23 1.47 0.23 1.49
29.10 3.92 6.10 0.25 1.52 0.25 1.48 0.25 1.50 0.25 1.49 0.25 1.48 0.25 1.52
18.11 1.80 4.33 0.26 1.56 1.49 2.76 0.24 1.54 1.99 3.19 2.05 3.26 0.25 1.55
09.12 0.27 1.72 0.25 1.66 2.15 4.04 2.25 4.46 0.26 1.72




Table 6: Year-Long Suburban Local Metric Error

First First Multi  Mwultt | Latest Latest| D2 D2 AC AC MM MM LDO LDO
RMS el RMS el RMS  |¢e| RMS  |c| RMS  |c] RMS  |¢e| RMS  |c|
(m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg)
17.10. | 0.26  0.82 031 110 | 0.28  1.08 | 0.29  1.08
23.10. | 0.15  0.60 025 1.06 | 021  1.03 | 0.20  1.03
31.10. | 1.14  1.82 | 0.17  0.88 | 0.17  0.90 017 092 | 017  0.89 | 0.17  0.89
12.11. | 0.11 036 | 013 075 | 031 114 | 029 114 | 014 082 | 027 1.04 | 013 075
03.12.| 0.31 066 | 0.19 087 | 020 08 | 018 087 | 019 088 | 0.19 088 | 0.18  0.87
10.12. | 0.14 052 | 0.14 037 | 016 037 | 014 036 | 018 037 | 016  0.37 | 015  0.37
14.04.
28.04.
30.04.
14.05. | 0.21 071 | 0.16  0.44 | 017 049 | 0.16 045 | 0.17 046 | 0.16  0.46 | 0.15  0.44
19.05. | 0.33 079 | 0.27 044 | 028 049 | 0.28 045 | 0.28 046 | 028  0.46 | 0.27 045
21.05. | 0.50  1.00 | 021  0.61 | 025 066 | 0.23 064 | 024  0.66 | 021 061 | 021  0.62
26.05.
28.05. | 0.28 083 | 020 073 | 018 079 | 019 074 | 021 078 | 019 075 | 0.18  0.73
11.06. | 0.19  0.73 | 0.17  0.42 | 0.30  0.60 | 0.17 042 | 0.18 044 | 0.18 042 | 0.15  0.41
25.06.
30.06.
02.07. | 045  1.11 | 012 045 | 0.68 086 | 0.13 048 | 0.18 056 | 0.34  0.67 | 0.13  0.47
16.07. | 3.15 278 | 0.13  0.54 | 0.21  0.60 | 0.22 064 | 0.23  0.69 | 0.18  0.57 | 0.21  0.61
23.07. | 153.63 49.53 | 0.12  0.57 | 42.30 11.19 | 0.15  0.65 | 0.32 083 | 0.48 082 | 0.13  0.62
12.09. | 0.12  0.66 | 0.10  0.47 | 0.17  0.56 | 0.10  0.47 | 0.12 051 | 0.14  0.52 | 0.10  0.47
17.10. | 1.23  1.89 | 022 071 | 070 090 | 025 074 |08 097 | 030 076 | 023 074
Table 7: Day-Night Parking Lot Local Metric Error
Day  Day | Multi Multi | D2 D2 AC AcC MM MM | LDO LDO
RMS el RMS el RMS | pe] RMS | pe] RMS | pe] RMS | e]
(m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg) | (m) (deg)
15:28 | 0.07  0.33 | 0.04 0.34 | 003 034 | 0.05 033 | 004 033 | 004 0.34
15:39 | 0.07  0.38 | 0.06  0.40 | 0.06 040 | 0.06 037 | 0.06  0.39 | 0.06  0.38
16:01 | 0.05  0.37 | 0.05 0.38 | 0.05 0.38 | 0.05 038 | 0.04 039 | 005 0.38
16:17 | 0.08  0.47 | 0.04  0.42 | 0.04 042 | 0.05 043 | 0.04 042 | 0.04  0.42
16:31
16:47 0.06 040 | 0.06 040 | 0.05 040 | 0.06  0.40 | 0.06  0.40
16:53 0.06 041 | 0.08 041 | 0.07 041 | 006 041 | 0.06  0.41
17:05 0.06 051 | 0.06 050 | 006 051 | 006 051 | 0.06 050
17:19 0.06  0.65 | 0.05 0.64 | 0.06 065 | 0.06 065 | 0.06  0.64
17:27
17:36 008 048 | 008 048 | 0.08 048 | 0.08 048 | 0.08  0.48
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Abstract

Most existing calibration methods for multi-camera rigs are computationally expensive, use
installations of known fiducial markers, and require expert supervision. We propose an
alternative approach called infrastructure-based calibration that is efficient, requires no
modification of the infrastructure (or calibration area), and is completely unsupervised.
In infrastructure-based calibration, we use a map of a chosen calibration area and lever-
age image-based localization to calibrate an arbitrary multi-camera rig in near real-time.
Due to the use of a map, before we can apply infrastructure-based calibration, we have
to run a survey phase once to generate a map of the calibration area. In this survey
phase, we use a survey vehicle equipped with a multi-camera rig and a calibrated odom-
etry system, and SLAM-based self-calibration to build the map which is based on nat-
ural features. The use of the calibrated odometry system ensures that the metric scale
of the map is accurate. Our infrastructure-based calibration method does not assume
an overlapping field of view between any two cameras, and does not require an initial
guess of any extrinsic parameter. Through extensive field tests on various ground vehi-
cles in a variety of environments, we demonstrate the accuracy and repeatability of the
infrastructure-based calibration method for calibration of a multi-camera rig. The code for
our infrastructure-based calibration method is publicly available as part of the CamOdoCal
library at https://github.com/hengli/camodocal.

1 Introduction

There is an ongoing and rapid growth in the use of cameras on robotic and human-operated vehicles. From
the robotic perspective, a camera is a rich source of appearance information. Furthermore, recent advances

*http://www.inf.ethz.ch/personal/hengli



(a) The Volkswagen Golf platforms. The cameras are integrated into the car (b) The Toyota Prius platform. The
body. cameras are mounted on the roof rack.

Figure 1: Each platform is equipped with a set of four fish-eye cameras that provides a surround view of
the environment. These platforms facilitate the demonstration of two unsupervised methods, self-calibration
and infrastructure-based calibration, to estimate the extrinsic transformations of these multi-camera systems
without operator input. No specialized fiducial markers such as chessboards are used.

in both structure-from-motion techniques and computing hardware enable the extraction of geometric infor-
mation from images in real time. This abundance of sensory information together with the use of multiple
cameras to increase the robot’s field of view greatly enhances robot perception. From the automotive per-
spective, multiple cameras are useful for driver assistance applications which help improve road safety. For
example, major automotive manufacturers are making surround view systems standard on an increasing num-
ber of car models; each of these surround view systems typically comprises four outward-looking cameras.
Our three test platforms follow this trend; each platform is equipped with a four-fisheye-camera system that
provides a surround view. Two of our test platforms are Volkswagen Golf cars modified for autonomous
driving under the auspices of the V-Charge project (Furgale et al., 2013b) while the third platform is a
Toyota Prius car retrofitted for sensor data collection. These platforms are shown in Figure 1.

For vehicles equipped with multi-camera systems, so-called calibration parameters---transformations between
cameras, camera lens parameters, etc.---must be known with a high degree of precision to ensure safe and
robust operation in the presence of pedestrians and other vehicles. Although systems can be calibrated in the
factory, several parameters will change during extended operation due to normal wear and tear. To everyone,
particularly in research and development groups and the automotive after-market industry, calibration and
recalibration of multi-camera systems is a continual burden that requires expertise, specialized equipment,
and many man-hours. Consequently, it is necessary that we seek accurate, fast, robust, and unsupervised
calibration algorithms.

One possibility for calibration of multi-sensor systems is to build ‘“‘calibration areas” that include special
instrumentation for different sensors such as known fiducial markings for cameras or known structural
geometry for lasers. The use of specially designed fiducials can resolve appearance and geometric ambiguities
and reduce the computational complexity of system calibration. For example, this was the strategy adopted
by Geiger et al. (2012) as they were collecting an extensive multi-sensor dataset over a number of months
(Geiger et al., 2013). They installed a number of chessboards covering the full field of view of the cameras
and laser scanner and used them to recalibrate the vehicle before every run of data collection. As attractive
as this method is, it still requires modification of the infrastructure, which could make deployment on the
large scale complicated and expensive, and represent yet another barrier to the deployment of autonomous
systems equipped with multiple sensors.

In this paper, we introduce a method called infrastructure-based calibration that shares positive aspects
with the above-mentioned method but relaxes the requirement to modify the infrastructure. This relaxation
is made possible by using natural features instead of known fiducial markings. Our infrastructure-based
calibration method requires a map of a chosen calibration area, and hence, a prior one-time run of a survey



phase which builds a high-fidelity map of the calibration area. Mapping is made possible via SLAM-based
self-calibration which makes use of data collected from a survey vehicle equipped with a multi-camera rig
and a calibrated odometry system. SLAM-based self-calibration allows us to build an accurate map of the
calibration area with a multi-camera rig for which we do not know the extrinsic parameters beforehand. Once
the map is available, we can apply infrastructure-based calibration in which we use the map and leverage
image-based localization to calibrate an unlimited number of arbitrary multi-camera rigs. Sections 4 and
Section 5 describe in detail the SLAM-based self-calibration and infrastructure-based calibration respectively.
We note that each infrastructure-based calibration incurs a small fraction of the high computational cost
that comes with SLAM-based self-calibration. This high cost is due to the presence of two computationally
expensive steps in SLAM-based self-calibration methods: exhaustive feature matching between different
cameras and bundle adjustment. In contrast, these two steps are not required in image-based localization
which is used by our infrastructure-based calibration method. Both the SLAM-based self-calibration and
infrastructure-based calibration methods are unsupervised; they neither require expert supervision nor a
special calibration setup. Furthermore, no initial guesses for the extrinsic parameters or overlapping fields of
view between any two cameras are required. Infrastructure-based calibration is therefore a both financially
and computationally efficient solution to the continuous unsupervised calibration of large numbers of multi-
camera rigs.

The accuracy of our infrastructure-based calibration method is dependent on the accuracy of image-based
localization, and in turn, the accuracy of the map of the calibration area. If we are to estimate extrinsic
parameters with correct metric scale, the metric scale of the map of the calibration area generated by our
SLAM-based self-calibration method must be accurate. Metric accuracy is ensured via a calibrated odometry
system on the survey vehicle. We note that the SLAM-based self-calibration method used in the survey phase
requires a calibrated odometry system to infer metric scale, but we do not see this requirement as restrictive
since odometry data is commonly available on robots and vehicles. Furthermore, the map must be globally
consistent which is ensured via loop closures. To illustrate the importance of global consistency, we give an
example case in which a location is visited twice during the survey phase. No loop closures are performed,
and hence, this location is represented as two distinct places in the map of the calibration area. We calibrate
a two-camera rig, and it is possible that during the calibration, we use data associated with the first visit
for the first camera, and data associated with the second visit for the second camera. Since the geometric
discrepancy between the first and second visits is not rectified, the calibration inaccurately estimates the
extrinsics such that the two cameras appear further from each other than expected.

In this paper, we expand on our previous work on infrastructure-based calibration (Heng et al., 2014) by
including details of the survey phase. To make infrastructure-based calibration as accurate as possible, we
focus on maximizing the accuracy of the map generated by the survey phase. Specifically, we present a
significantly improved version of our SLAM-based self-calibration method (Heng et al., 2013) that is able
to generate a metrically accurate and globally consistent map. Such a map enables our infrastructure-based
calibration method to estimate extrinsic parameters with high accuracy and repeatability for arbitrary multi-
camera rigs.

We briefly discuss the improvements to our SLAM-based self-calibration method used in the survey phase.
We add robust 6D pose graph optimization so that wrong loop closures can be identified and removed.
Furthermore, with globally consistent vehicle pose estimates from pose graph optimization, the joint opti-
mization step is more likely to converge to the correct solution. We also improve the accuracy of feature
matching between images from different cameras. Other improvements focus on the joint optimization
step. Here, landmarks seen in different cameras tend to account for a small percentage of all landmarks in
the map, and to maximize the accuracy of the poses of the cameras with respect to one another, a higher
weighting is assigned to landmarks seen in different cameras. We also make use of data from the intrinsic
calibration to enforce the constraint that lines are straight in rectified pinhole images; otherwise, overfitting
of intrinsic parameters in the joint optimization step may lead to warped lines. Furthermore, we make use
of a calibrated odometry system to infer metric scale. In addition, 6D vehicle poses are optimized instead of
3D vehicle poses to account for non-planar ground surfaces in real-world environments. Field experiments
are performed to quantify the accuracy and repeatability of the camera extrinsics that are estimated by
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Figure 2: In rainy conditions, water droplets on the camera lens cause significant parts of the image to be
obscured, and render such areas unusable for feature tracking. However, our calibration methods are still
able to estimate the camera extrinsics with high accuracy.

the improved SLAM-based self-calibration method. Furthermore, we also evaluate the accuracy of the map
generated by the improved SLAM-based self-calibration method.

Our work is novel in the following aspects:

1. Our SLAM-based self-calibration and infrastructure-based calibration methods are able to estimate
in an unsupervised fashion and without special calibration objects the inter-camera transforms with
metric scale for a multi-camera rig. Here, we do not assume overlapping fields of views. To the best
of our knowledge, there is no other existing target-free calibration method for multi-camera rigs that
is able to estimate the inter-camera transforms with metric scale.

2. We present extensive experiments to show the accuracy of both calibration methods for multi-
camera rigs. To the best of our knowledge, no other work on calibration for multi-camera rigs shows
experimental validation on a similar scale.

3. To the best of our knowledge, there is no other existing method for multi-camera rigs that makes
use of a prior map based on natural features to calibrate a multi-camera rig.

Our calibration methods are designed to be robust; the SLAM-based self-calibration method used in the
survey phase explicitly handles breaks in visual odometry and wrong loop closures, and the infrastructure-
based calibration method only estimates camera poses given a minimum number of 2D-3D correspondences.
For example, in rainy conditions, water droplets can land on the camera lenses, causing significant parts of
the images to be obscured and rendered unusable for feature tracking as shown in Figure 2.

2 Related Work

There has been much research on the hand-eye calibration problem (Daniilidis, 1999; Brookshire and Teller,
2012). In general, published generic solutions to the hand-eye calibration problem do not work for vehicles
with planar motions, as the height of the camera with respect to the odometry is unobservable. Hence,
camera-odometry calibration requires specialized solutions (Antonelli et al., 2010; Censi et al., 2013). An-
tonelli et al. (2010) finds the extrinsics, camera intrinsics, and odometry parameters simultaneously for a
differential drive robot; however, a set of known landmarks is required. Similarly, Censi et al. (2013) finds
the extrinsics and odometry parameters for a differential drive robot without the need for known landmarks,
but only obtain the three degrees of freedom of the camera-odometry transform. In the case of multi-camera



rigs with minimal overlapping fields of view, simply computing the camera-odometry transform for each
camera based on camera and odometry motions is not sufficient to achieve accurate calibration parameters
for a multi-camera rig. A feature point may be observed by multiple cameras at different times, and if such
information is not made use of, the resulting calibration parameters may not be sufficiently accurate for
reprojection of one point in a camera into another camera with a sub-pixel reprojection error. Hence, we
look at state-of-the-art methods for calibrating multi-sensor rigs.

2.1 Self-Calibration

We look at unsupervised methods that do not require specific calibration patterns. In the case of lasers,
Maddern et al. (2012) proposes a method to estimate the calibration parameters between at least one 3D
laser and multiple 2D lasers. They construct a point cloud using a 3D laser, and use this point cloud to
obtain the relative transforms between the 3D laser and each 2D laser. Here, they require a 3D laser, and an
initial guess of the extrinsic parameters. In the case of both lasers and cameras, Levinson and Thrun (2012)
exploit depth discontinuities in laser data and edges in images to estimate the 6-DoF transform between a
Velodyne sensor and a camera.

In the case of cameras, Carrera et al. (2011) uses natural features in the environment to estimate the extrinsic
parameters up to scale. They propose an extrinsic calibration of a multi-camera rig by using a modified
version of MonoSLAM to build a globally consistent sparse map of landmarks for each camera, finding feature
correspondences between each pair of maps via thresholded matching between SURF descriptors, and using
the 3D similarity transform together with RANSAC to find inlier feature correspondences. At the end, a joint
optimization is run to optimize the camera poses, 3D scene points, and robot poses. Our approach is similar
in spirit; however, we estimate the extrinsic parameters with metric scale whereas Carrera et al. (2011) does
not. Furthermore, we optimize the intrinsics; we find that if the intrinsics are not optimized as part of the
bundle adjustment, the calibration accuracy is suboptimal. Our self-calibration method scales well to large
environments unlike the approach of Carrera et al. (2011). Here, they use MonoSLAM which is known not
to scale to large environments. As a result, our self-calibration method is able to generate a map of a large
calibration area that can be used for efficiently calibrating multi-camera rigs. Furthermore in Carrera et al.
(2011), the 3D similarity transform step can fail in outdoor environments where the majority of natural
features are located far away from the cameras, and their estimated 3D locations can have substantial noise
as a result, leading to few inliers.

We note that since SLAM-based calibration methods do not assume a prior map, they have to perform
an exhaustive search of feature correspondences between images from different cameras. By relying on
a pre-existing map for infrastructure-based calibration, we remove the need to find inter-camera feature
correspondences. Furthermore, we do not have to do costly bundle adjustment. Hence, infrastructure-
based calibration is far simpler, more robust, and requires a much shorter time compared to SLAM-based
calibration methods. We can think of our infrastructure-based calibration method as requiring a one-time
fixed cost in terms of map generation but entailing a much lower variable cost per calibration. Hence,
our infrastructure-based calibration method is advantageous over SLAM-based calibration methods if many
calibrations are needed within a short time span.

2.2 Infrastructure-Based Calibration

All known infrastructure-based calibration methods make use of calibration setups that include known fidu-
cial markings. The use of specially designed fiducials can resolve appearance and geometric ambiguities and
reduce the computational complexity of system calibration.

In the case of lasers, Gao and Spletzer (2010) use pairs of retro-reflective markers with known baselines for
extrinsic calibration of a multi-laser system. Features are detected from these pairs of markers, and after a
vehicle is driven along multiple loops, inter-loop feature correspondences are found and used to estimate the



extrinsic parameters via second-order cone programming.

In the case of cameras, a majority of existing work (Kumar et al., 2008; Lebraly et al., 2011; Li et al.,
2013) requires a pattern board. The additional use of a mirror in Kumar et al. (2008) creates a limitation
in which the mirror has to be in the camera’s field of view, while at the same time, the entire pattern is
visible in the camera. Lebraly et al. (2011) uses two pattern boards, and requires the rig to manoeuvre
such that each camera sees both pattern boards at different times. Li et al. (2013) requires neighboring
cameras to see some part of the pattern at the same time. We note that the use of a pattern board comes
with a viewing constraint that makes calibration of multi-camera rigs non-straightforward. To overcome
the viewing constraint associated with the use of a pattern board, Geiger et al. (2012) uses a room setup in
which many chessboards are mounted in a configuration that covers the full field of view of the cameras and
3D laser. This room setup was used to recalibrate the multi-sensor setup before every run of data collection
for an extensive dataset over a number of months (Geiger et al., 2013). This method requires modification
of the infrastructure. In contrast, our infrastructure-based calibration method does not require modification
of the infrastructure as it makes use of natural features instead of chessboards.

Existing methods for localization of multi-camera rigs (Tariq and Dellaert, 2004; Kneip et al., 2013; Lee
et al., 2013b) assume that the extrinsic parameters are known with a high degree of accuracy. and hence,
are not applicable in infrastructure-based calibration. Furthermore, these multi-camera localization methods
are sensitive to errors in the extrinsic parameters; a slightly incorrect estimate of the subset of extrinsic
parameters corresponding to one camera may lead to the labeling of all inlier 2D-3D feature correspondences
observed by that camera as outliers. As a result, that camera is rendered redundant in the multi-camera
localization. Our infrastructure-based calibration method estimates all extrinsic parameters accurately such
that reliable multi-camera localization is possible.

3 Vehicle Platforms

Each of our vehicle platforms uses four CCD cameras with global shutter and GigE interfaces. On the
Volkswagen Golf cars, the cameras built by Allied Vision Technologies provide 1280 x 800 monochrome
images at a user-configured rate of 12.5 Hz, while on the Toyota Prius car, the cameras built by Matrix
Vision provide 1280 x 960 monochrome images at a user-configured rate of 10 Hz. Each camera is fitted
with a fisheye lens that has a 185° field of view. For each multi-camera setup, one camera is designated as
a master camera which triggers all the other cameras. In this way, the multi-camera setup captures images
from all cameras simultaneously.

The calibrated odometry system on each vehicle platform is a black box provided by the car manufacturer;
apart from the fact that the odometry system reads in wheel tick data from each wheel and steering wheel
angle measurements, and outputs odometry poses, we do not know the internal workings of the odometry
system. On each platform, odometry pose data is published at 50 Hz.

RTI Connext DDS' and ROS? are used for message transmission of image and odometry data on the

Volkswagen Golf car and Toyota Prius car respectively. A computer located in the boot logs all data to
disk, and the data logs are subsequently processed by our calibration methods.

4 Survey Phase - SLAM-Based Self-Calibration

This section describes our SLAM-based self-calibration method that is used in the survey phase. This method
simultaneously produces a map of the calibration area and estimates the inter-camera transforms for the

Thttp://www.rti.com/products/dds/index.html
2http://www.ros.org
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Figure 3: Images and odometry data are input to the self-calibration pipeline which estimates the camera
extrinsics, and at the same time, generates a map of the calibration area.

multi-camera rig mounted on the survey vehicle. A calibrated odometry system on the survey vehicle is
used to infer metric scale for the map. The generated map is subsequently used for the infrastructure-based
calibration method described in Section 5.

Figure 3 shows the pipeline for our self-calibration method. Here, we give a brief outline of the method
followed by detailed descriptions in the subsections below.

The monocular visual odometry step detailed in Section 4.1 estimates sets of camera poses and inlier feature
tracks for each camera. The camera poses are used by the camera-odometry calibration described in Section
4.2 together with odometry poses to obtain an initial estimate of the camera-odometry transforms. This initial
estimate is used together with the inlier feature tracks and odometry data by the scene point reconstruction
described in Section 4.3.

By then, we have a map of the calibration area and estimates of the camera-odometry transforms. However,
the map is not globally consistent as there are no loop closures. The inter-camera transforms inferred from
the camera-odometry transforms are not accurate as we have not taken camera-to-camera constraints into
account when computing the camera-odometry transforms in Section 4.2.

To make the map globally consistent, we detect loop closures as described in Section 4.4. Subsequently,
we use robust pose graph optimization described in Section 4.5 to identify wrong loop closures and remove
them, and at the same time, optimize the pose graph. Furthermore, using the globally consistent vehicle
pose estimates from robust pose graph optimization instead of the odometry poses as an initial guess for
the joint optimization leads to better convergence behavior. To obtain accurate inter-camera transforms
such that a feature point in one camera can be reprojected to another camera with sub-pixel accuracy,
we obtain temporal camera-to-camera constraints in the form of feature correspondences between different
cameras as described in Section 4.6. Subsequently, the joint optimization described in Section 4.7 uses
the temporal camera-to-camera constraints to optimize the inter-camera transforms in addition to intrinsic
camera parameters, vehicle poses, and 3D scene points. We now have a metrically accurate and globally
consistent map, and accurate inter-camera transforms.



Table 1: A table row corresponds to a step in the self-calibration pipeline. A bullet in cell (r,¢) indicates
that variable ¢ is modified by step 7.
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Table 1 shows which variables are modified by each step in the pipeline. In summary, the pipeline produces
optimized estimates of the intrinsic camera parameters and inter-camera transforms for a rig with an arbitrary
number of cameras, and a metrically accurate and globally consistent map of the calibration area which can
reliably be used by infrastructure-based calibration.

4.1 Monocular Visual Odometry (VO)

The monocular VO step takes images from the multi-camera system and time-synchronized odometry as
input, and outputs sets of camera poses and inlier feature tracks for each camera.

In this step, we run monocular VO for each camera in order to obtain a set of camera motions together
with inlier feature tracks. The set of camera motions is required for the subsequent step of computing an
initial estimate of the camera-odometry transforms in Section 4.2. Similarly, the inlier feature tracks are
required for scene point reconstruction in Section 4.3. It is possible for the VO to break occasionally in
poorly-textured areas, producing sets of VO estimates with different scales. Nevertheless, in the camera-
odometry calibration stage described in Section 4.2, we use all sets of VO estimates to find an initial estimate
of the camera-odometry transform for each camera.

In our monocular VO, we use OpenCV’s GPU implementation of SURF? to extract feature points and their
descriptors. We extract a synchronized set of keyframes from all cameras when the corresponding odometry
pose is at least 0.2 m away from the odometry pose at which the last set of keyframes was taken. At each
iteration, we use the P3P method (Kneip et al., 2011) together with RANSAC to compute the camera pose
and identify inlier feature tracks, and subsequently, apply sliding window bundle adjustment. We show
the inlier feature tracks and the estimated camera poses for the four fish-eye cameras in Figures 4 and 5
respectively.

4.2 Camera - Odometry Calibration

The camera-odometry calibration step uses the camera poses computed by the monocular VO step and
time-synchronized odometry. The output is an initial estimate of the camera-odometry transforms.

3http://docs.opencv.org/modules/nonfree/doc/feature_detection.html



# motions: 41 | # track breaks: 0 # motions: 41| # track breaks: 0

# motions: 41 | # track breaks: 0 . # motions: 41 | # track breaks: 0

Figure 4: Inlier feature tracks.

Front Camera

==

1
d Left Camera

Right Camera
kel —

o ills

Rear Camera
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a gradual right turn. Note that the scale of the estimated poses for each camera is different. Our camera-
odometry calibration step jointly solves for the different scales and the camera-odometry transforms.



To obtain an initial estimate of each camera-odometry transform, we solve a planar version of the hand-eye
calibration problem which relates camera motions to odometry motions via the camera-odometry transform.
Camera motions are obtained from the previous monocular VO step. We cannot use existing solutions for
the 6-DoF hand-eye calibration problem, as the car moves on a x — y plane most of the time, and thus, the
z-component of the camera-odometry translation is unobservable.

It is common for the VO estimation to break occasionally, resulting in several segments of camera poses
with different scales from a single camera. The method of Guo et al. (2012) is only able to use one segment
of camera poses at most to estimate the camera-odometry transform. Hence, we make modifications to the
method to estimate a single camera-odometry transform from an arbitrary number of segments of camera
poses. In the first step which is identical to that in Guo et al. (2012), our approach solves for the pitch and
roll components of the camera-odometry rotation by minimizing a least-squares cost function. The second
step differs from Guo et al. (2012) in the aspect that we estimate multiple scales instead of a single scale;
we simultaneously solve for the yaw component of the camera-odometry rotation, the camera-odometry
translation, and the scales for all sparse maps by minimizing another least-squares cost function. As the
vehicle motion is planar, the z-component of the camera-odometry translation is unobservable, and therefore,
set to zero.

For each camera, in the first step, we estimate q,, and in the second step, we estimate q., Ote = [tz ty, 07,
and s; for j = 1,...,m where Oqc = .9y, and Ot are the unit quaternion and translation respectively that
transform the camera frame to the odometry frame, q, corresponds to the yaw quaternion that corresponds
to the yaw component of the camera-odometry rotation, q,, corresponds to the pitch-roll quaternion which
is the product of the pitch and roll quaternions corresponding to the pitch and roll components of the
camera-odometry rotation respectively, and s; is the scale for each of the m sparse maps.

We first start with the well-known hand-eye problem using the quaternion representation:

O+1q0, %qe = %qc “itqg,, (1)

(R(%*d0,) = 1) %te = 5;R(%ac) “te, — O+, )
where Oi“qoi and Oi“toi are the unit quaternion and translation respectively that transform odometry
frame i to odometry frame i + 1, “+1q¢, and C"“tci are the unit quaternion and translation respectively
that transform camera frame ¢ to camera frame i + 1, R(q) is the rotation matrix that corresponds to q,

and I is a 3 x 3 identity matrix. Given Oi“qoi, O”ltoi, C?‘“qci, and C?‘“tci, we use equations 1 and 2 to
estimate ©q¢ and Otc.

4.2.1 Finding the pitch-roll quaternion

The method to find the pitch-roll quaternion is identical to that in Guo et al. (2012). To estimate qy,, we
substitute ©q¢ = q.4y. into equation 1 and use the fact that rotations around the z-axis commute to get

OiJrlquqyx — Qyz Ci+1q0i = 07 (3)
which can be written as a matrix vector equation:

(£(7*'q0,) = R(“*'qc,)) Ay = 0, (4)
S

where the matrix which we call S is a 4 x 4 matrix and

q=[wy T4 Yq Zq]T>

Wq —Zq Yq Lq Wq Zq ~Yq Lq

z w —x -z w x
L(q) = q q q Yq . R(q) = q q q Yq
~Yq Zyq Wq Zq Yq —Tq Wq Zq

—Zq ~Yq —Zq Wq —Zq —Yq —Zq Wq



We have two constraints on the unknown qy:

J— T o
LayaYaye = ~2qye Wayes and Ay dyz = 1. (5)

Given n > 2 motions, we build the 4n x 4 matrix

T=[ s .. sf ], (6)

which has rank 2 in the absence of noise. We find the singular value decomposition T = USVT; the last
two right-singular vectors vs and v4 which are the last two columns of V span the null space of T:

qy$ = >\1V3 —+ )\2V4. (7)

We use the two constraints from equation 5 to solve for A\; and A2, and therefore, obtain q;.

4.2.2 Finding the yaw quaternion, scales, and translation

Given that the z-component of the camera-odometry translation is unobservable due to planar motion, we
obtain a planar version of equation 2 by setting all z-components to zero:

cosp —1 —sin¢ tz|  |cosa —sina| |p1 Ois1y
sin ¢ cos ¢ — 1} [tJ 5 [sina cos a ] [pg] + to, =0, (8)

where ¢ is the relative yaw between odometry frames i and i + 1, [p; po]? are the first two elements of the
vector R(qy.) “+'tc, and O'“rltoi denotes the first two elements of the vector Y+1tp,. q. is a function of
«, the yaw component of the camera-odometry rotation, such that

q. = [cos§ 00 sin %]T (9)
Given ¢, [p1 p2]T, and Oi“t/Oi, our goal is to estimate ¢, t,, s; and o.

We reformulate equation 8 as a matrix vector equation:

3 K] = Oty (10)

where J = COS.¢_1 —sing and K = |[P1 P2,
sin ¢ cosp — 1 P2 P1

As the VO for a single camera may break occasionally, we may have more than 1 VO segment. Each VO
segment contributes one instance of equation 10. For the m VO segments with ny > 2, ..., n,, > 2 motions
respectively where n = Z:’;l n;, we stack the m instances of equation 10 into the 2n x (2 + 2m) matrix

J! Kl 0 0 0 0
0 0 0 0
J. KL : 0 0 0 0
0 0 RV £ 12¢] 0 0
G=10 0 0 0 |, (11)
0 0 ¥, K 0 0
0 0 0 0 Jp K7
0 0 0 0
L0 0 0 0 o Jm K




where the matrices Jg and Kf correspond to the ith motion in VO segment j, and

2
ty o
—S0 COS (g 1to0
G —S0 SiIlOLO = — 5 (12)
Ony1t’
to,
— Sy COS Oy,
— Sy, Sin ay,

for which we use the least squares method to find the solution to %to = [t, t,]7, s; and aj. We have
estimated the scale s; for each VO segment, and the translation Ot¢; however, we have m hypotheses of a.
We choose the best hypothesis that minimizes the cost function

C =) ((R(“*qo,) —1I) “tc — s;R()R(4ya) “'te; + P 't0,). (13)
i=0

We then refine the estimate of qy., «, %t¢, and sj for j = 1,...,m by using non-linear optimization to
minimize C.

4.3 Scene Point Reconstruction

The scene point reconstruction step takes as input inlier feature tracks found during the monocular VO step,
time-synchronized odometry, and the initial estimate of the camera-odometry transforms from the camera-
odometry calibration step, and outputs 3D scene points. This step is necessary as 3D scene information is
required to compute the 6D transform measurement for each loop closure edge in the pose graph.

We initialize the vehicle poses to be the same as the odometry poses. For each camera, we iterate through
every frame, and at each frame, we find all features which are visible in the previous and current frames, and
do not correspond to a previously initialized 3D scene point. We triangulate each feature correspondence;
if the reprojection error of the resulting 3D scene point in either frame does not exceed a threshold of 2
pixels, we associate the 3D scene point with the feature correspondence. Subsequently, each feature track is
associated to the same 3D scene point which the first two features already correspond to. We illustrate the
scene point reconstruction step in Figure 6. We use the Ceres solver (Agarwal et al., 2013) to run a bundle
adjustment which optimizes the camera-odometry transforms and 3D scene points by minimizing the image
reprojection error across all frames for all cameras while keeping the vehicle poses fixed.

4.4 Loop Closure Detection

The loop closure detection step takes as input the camera-odometry transforms, images from the multi-
camera system, and 3D scene points computed by the scene point reconstruction step, and outputs loop
closure measurements, each of which is a relative 6D transform between two vehicle poses. Here, a loop
closure can be between either the same camera, or different cameras.

The 6D transform measurements are used in the robust pose graph optimization step. The loop closure
detection step also generates an inlier set of 2D-3D correspondences for each loop closure; if a loop closure
is verified by the robust pose graph optimization step to be correct, the corresponding set of 2D-3D corre-
spondences is used to merge duplicate 3D scene points that initially were created from the vehicle visiting
the same area multiple times.

We use the DBoW2 implementation of the vocabulary tree to find similar images, and the P3P method
(Kneip et al., 2011) together with RANSAC for geometric verification. We add a loop closure between two
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Figure 6: Yellow circles represent 3D scene points. An arrow between a camera and a 3D scene point
indicates that the scene point is observed by the camera. Green arrows indicate that the corresponding
feature observations are used to triangulate the associated scene point.

frames if the number of inlier 2D-3D feature correspondences exceeds a threshold. These two frames may
belong to either the same camera or different cameras. Furthermore, we use information from the 2D-3D
feature correspondences to merge duplicate 3D scene points after the loop closure is verified by the robust
pose graph optimization step to be correct.

4.5 Robust Pose Graph Optimization

The robust pose graph optimization takes as input time-synchronized odometry, vehicle poses, and loop
closure measurements computed by the loop closure detection step, and outputs the corrected vehicle poses.

We build a pose graph in which the nodes are the vehicle poses, and edges between nodes correspond to
measurements of relative 6D transforms obtained from either odometry data or loop closures. We use the
approach in Lee et al. (2013a) to optimize this pose graph, and at the same time, switch off false loop-closure
edges. An example is shown in Figure 7. Figure 7a shows the initial pose graph, and Figure 7b shows the
optimized pose graph with all loop closures edges identified as either correct or wrong. Here, we observe
that the loop is closed correctly near the bottom of Figure 7b.

After the pose graph optimization, we rigidly move the scene points such that they are consistent with
the new vehicle poses. At this point, the camera-odometry transforms are not sufficiently accurate for
reprojection of feature points from one camera into another camera with sub-pixel reprojection errors. We
solve this issue by finding local feature point correspondences between different cameras, and give details on
this step in the next section.

4.6 Local Feature Matching Between Different Cameras

The local feature matching step reads as input vehicle poses computed from the robust pose graph optimiza-
tion step, images from the multi-camera system, and 3D scene points computed from the 2nd scene point
reconstruction step. The output is a set of 3D-3D correspondences between different cameras; as each 3D-3D
correspondence corresponds to a pair of duplicate scene points, we merge these two scene points into a single
scene point.



(a) Pose graph before optimization. (b) Pose graph after robust optimization.

Figure 7: The pose of the vehicle at each time instance is marked with a black rectangle. In (a), the vehicle
drives along the same road at two different times as marked by a red circle. Due to odometry drift, the
corresponding trajectories do not coincide. After loop closures in this area, the trajectories are now aligned
as shown in (b). In (b), loop-closure edges identified as correct by the pose graph optimization are marked
as green while wrong loop closures are marked as red.

Although inter-camera feature correspondences are available from the loop closure detection step, it is typical
for the image pair corresponding to an inter-camera feature correspondence to be captured far apart in time,
and thus, such a feature correspondence acts as a very weak prior for the accurate estimation of relative
camera poses. In contrast, the image pair corresponding to each inter-camera feature correspondence detected
in this step is captured close in time, and thus, these feature correspondences act as strong priors.

Here, the cameras are assumed to have minimal overlapping fields of view at most. We iterate over each
odometry pose in order of increasing timestamp, and maintain a local frame history for each camera. Note
that the larger the local frame history, the longer time the local feature matching step takes. In our
implementation, the local frame history for each camera spans a distance of 3 meters as measured from the
vehicle poses associated with the frames in the local frame history.

At each odometry pose, for each possible pair of cameras, we do feature matching between the first camera’s
current frame and those in the second camera’s frame history, and find the frame in the history that yields
the highest number of inlier 2D-2D correspondences. Instead of using previously extracted features that
correspond to existing 3D scene points, we extract and use features from rectified images. Before the feature
matching, the image pair is rectified on a common image plane which corresponds to the average rotation
between the first camera’s pose and the second camera’s pose; the camera poses are computed using the
current extrinsic estimate and the odometry poses. An example of a rectified image pair between the right
and front cameras is shown in Figure 8. This rectification step is to ensure a high number of inlier feature
point correspondences. In contrast, we get a very low number of inlier feature point correspondences between
images that are distorted and unrectified. These images inherently have large distortion in the case of fisheye
cameras, and often, each pair of cameras has significantly different viewpoints. Hence, given a pair of feature
descriptors corresponding to the same feature but to two different cameras, it is common for these feature
descriptors to be dissimilar, and thus, be not identified as a valid feature correspondence.

For each feature point correspondence (f1, f2) obtained from a pair of rectified pinhole images, we find the



Figure 9: The subset of the same feature point correspondences from Figure 8 that correspond to 3D scene
points in the maps is shown with the original images from the right and front cameras.

image coordinates of the two feature points: p; and ps in the corresponding original images. For feature
point f; where ¢ = 1,2, we look for a feature point g; in the original image that is associated with a 3D scene
point X; in the map and whose image coordinates are within 1 pixel of p;. If there is an associated 3D scene
point for each of f; and fs, and both scene points are different, we see one scene point as a duplicate of the
other, and simply merge the two scene points. We show an example of inlier feature correspondences with
associated 3D scene points in Figure 9.

Figure 10 shows a top-level illustration of how our local feature matching between different cameras works.
Here, F; is the current frame F; captured by the front camera at time ¢. The local frame history for the
right camera contains the last 5 frames captured by the right camera: R;_4, ..., R;. From these 5 frames,
we find the frame that has the highest number of feature correspondences with F;. As the camera pose
corresponding to R;_o has the closest viewing direction to the camera pose corresponding to Fy, R;_o has
the highest number of feature correspondences with F;.

This step is critical to finding optimal camera-odometry transforms that allow us to project one scene point
observed by one camera into another camera with minimal reprojection error.

4.7 Joint Optimization

We perform joint optimization that optimizes all intrinsics, camera-odometry transforms, vehicle poses, and
3D scene points. We note that the height of each camera with respect to the odometry frame is not observable
due to the planar motion of the vehicle. However, this joint optimization recovers the relative heights of the
cameras due to the use of feature correspondences between different cameras which are found from Section
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Figure 10: In this example, we do feature matching between the front camera’s current frame F; and those
in the right camera’s frame history, and find the frame in the history that yields the highest number of
feature correspondences. Here, R;_o has the highest number of feature correspondences with F; since they
have the closest viewing directions.

4.6.

The joint optimization is set up as a least squares minimization problem that minimizes a cost function. The
cost function is designed to fulfil the following objectives:

1. The map should be accurate.
2. The pose of any camera with respect to all other cameras should be accurate.

3. Lines should be straight in rectified pinhole images.

Here, the cost function comprises three sets of inverse-covariance-weighted residuals:

Z Wpp (AZcﬂ‘)pTWl Azc,im) + Z 14 (AZCJ’qTWQAZC)jﬂ) + Z uiTWg,ui. (14)

min
Ccyvinj7chxp N .
¢,i,p 3,9 i

where
Azc,i,]n = Wl(ccv Vz’a T, Xp) — Pecip
Az, =m2(Cc,Qj, Yy) — Pejg (15)
Au; =h(V;, Vig) —Z; i1

As long as the residuals are inverse-covariance-weighted and assuming that the residuals have zero-mean
Gaussian distributions, the joint optimization outputs a maximum likelihood estimate (Triggs et al., 2000).

71 is a projection function that predicts the image coordinates of the scene point X, seen in camera c
given the camera’s intrinsic parameters C., the vehicle pose V;, and the rigid body transformation from the
camera frame to the odometry frame T.. p.;p is the observed image coordinates of X, seen in camera c with
the corresponding vehicle pose V. Similarly, 75 is a projection function that predicts the image coordinates
of the chessboard corner point Y, seen in camera c given the camera’s intrinsic parameters C., and the
camera pose Q;. P¢jq is the observed image coordinates of Y, seen in camera ¢ whose pose is Q;. p is a
robust cost function used for minimizing the influence of outliers. h is a function that computes the relative
pose given two consecutive vehicle poses V; and V1, and Z; ;11 is the observed relative pose between V;
and V11 as measured from odometry data. We visualize the reference frames and variables in Figure 11.

In equation 14, the first set of residuals corresponds to the sum of image reprojection errors from all feature
observations, the second set of residuals corresponds to the sum of image reprojection errors associated with
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Figure 11: Visualization of the different reference frames and variables described in the joint optimization
step.

the chessboard corner points, and the third set of residuals corresponds to the sum of relative pose errors as
measured by odometry data. Note that no measurement is used more than once.

wy, is a weight assigned to a feature observation associated with scene point X,,. If X, is observed by multiple
cameras, we choose w, = 1. Otherwise, if X,, is only observed by one camera, we choose w, = == where n,,
is the number of feature observations associated with scene points observed by multiple cameras and ns is the
number of feature observations associated with scene points observed by a single cameras. This weighting
scheme is chosen because scene points observed by multiple fractions usually form a small fraction of all
scene points in the map, and the lower weighting of scene points seen by a single camera ensures that the
relative camera poses are accurate. Wy is the inverse of the measurement covariance corresponding to the
chessboard corner points; this measurement covariance is computed during the intrinsic camera calibration.
Given the fact that feature detectors estimate keypoint coordinates with less accuracy compared to sub-pixel
chessboard corner detectors, we obtain W7 by multiplying W by a fudge factor, which in our case, is 0.1.
Similarly, W3 is the inverse of the measurement covariance corresponding to the relative odometry poses; we
compute W3 using the odometry data and estimated vehicle poses from the robust pose graph optimization
step described in Section 4.5.

The camera intrinsics are optimized in the joint optimization. The reason for this optimization is that
the intrinsic camera calibration estimates sub-optimal values of the intrinsic parameters due to a biased
distribution of chessboard poses and overfitting. The number of 3D scene points observed by the cameras in
the extrinsic self-calibration is many times higher than the number of chessboard corner points observed in the
intrinsic camera calibration, and by making use of the numerous scene points, we can improve the accuracy of
the camera intrinsics in the joint optimization. Figure 12a shows the composite top-view image created from
images from four cameras with the intrinsics originally estimated by the chessboard-based intrinsic camera
calibration while Figure 12b shows the composite top-view image created with the optimized intrinsics. We
clearly see a difference between the two; the composite top-view image created with the optimized intrinsics



(a) A composite top-view image created with original (b) A composite top-view image created with optimized
intrinsic parameters. intrinsic parameters.

Figure 12: Both composite images cover a 20 m x 20 m area. The four camera images blend seamlessly
with one another in the composite image on the right, but not in the composite image on the left. This
obvious visual difference proves that optimization of the intrinsic parameters in the joint optimization step
significantly improves the accuracy of these parameters.

show seamless blending between the four camera images. This visual difference shows that the optimized
intrinsics are more accurate than those estimated by the intrinsic camera calibration.

In experiments, we observed that overfitting of camera intrinsic parameters can occur, causing lines to look
curved in rectified pinhole images. To avoid this situation, we include the residuals from the intrinsic camera
calibration, and thus, enforce the constraint that lines should look straight in rectified pinhole images.

5 Infrastructure-Based Calibration

Given a map of the calibration area which is generated by the SLAM-based self-calibration method in
the survey phase, the infrastructure-based calibration method leverages image-based localization to obtain
camera poses, and in turn, estimates both the rig poses and camera extrinsics which are further optimized
via non-linear refinement. We use a vocabulary tree for image-based localization; it is possible to use other
state-of-the-art methods (Sattler et al., 2011; Lim et al., 2012) for image-based localization. In contrast
to the SLAM-based self-calibration method, the infrastructure-based calibration method does not require a
calibrated odometry system as the map has metric scale, and hence, enables us to directly infer the extrinsic
parameters with metric scale via image-based localization.

One advantage of the infrastructure-based calibration method is that it runs in near real-time. In contrast,
the self-calibration method in the survey phase and other SLAM-based calibration methods typically takes
a few hours. Hence, the infrastructure-based calibration method allows us to perform many calibrations
within a short time.

We assume that the cameras used in the infrastructure-based calibration have been intrinsically calibrated
beforehand. The pipeline behind the infrastructure-based calibration method is shown in Figure 13. We
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Figure 13: A map and images are input to the infrastructure-based calibration pipeline which generates the
camera extrinsics.

describe the calibration process in detail below.

5.1 Image-Based Localization

The image-based localization step takes images from the multi-camera rig and the map as input, and outputs
camera poses with respect to the map’s reference frame. Image-based localization allows us to infer the
camera poses for a given set of frames captured simultaneously from all cameras. First, for each image, we
use the vocabulary tree to find the k most similar images. For each candidate, we obtain 2D-2D feature
correspondences from matching features between the query image and the candidate, and rejecting probable
false matches using the distance ratio test. As the feature points in the candidate image already have
corresponding 3D scene points from the map, it is trivial to obtain 2D-3D feature correspondences. We use
the P3P method (Kneip et al., 2011) together with RANSAC to find the camera pose together with the
inlier set of 2D-3D feature correspondences. For the query image, we choose the camera pose associated
with the candidate which has the highest number of inlier 2D-3D feature correspondences. The camera pose
is defined to be unknown if the highest number of inlier correspondences does not exceed a threshold, which
in our case, is 25. We denote the number of cameras on the multi-camera rig as n. For a particular time
step t, we store the set of camera poses S; if the following two conditions are met:

1. if at least 2 camera poses are found such that 2 < |S;| < n, and

2. the minimum distance between the current camera pose and the previous camera pose over all
cameras exceeds a threshold, which in our case, is 0.3 m.

The former condition is necessary for the set of camera poses to be useful for calibration, and the latter
condition minimizes bias by avoiding situations where the majority of sets of camera poses is concentrated
in a few locations. These situations occur when the car is at a standstill or moving slowly. For brevity, we
denote the collection that contains all sets of camera poses meeting the two conditions as W.

5.2 Inferring Camera Extrinsics and Rig Poses

In this step, we use W, the collection of sets of camera poses inferred from image-based localization, to obtain
an initial estimate for the camera-rig transforms and the rig poses. Since the cameras are rigidly fixed to the



rig, for §; € W, we can express S;, the set of camera poses, as a function of the rig pose and the camera-rig
transforms. Here, the rig pose is the pose of the rig with respect to the map’s reference frame, and each
camera-rig transform is a rigid body transform from the camera’s reference frame to the rig’s reference frame.
Without loss of generality, we choose the reference frame of the rig to coincide with that of a designated
camera that makes up part of the multi-camera rig to be calibrated.

From W, we generate hypotheses of the camera-rig transforms and rig poses. We choose the best hypothesis
that minimizes the sum of reprojection errors over all inlier 2D-3D feature correspondences which were used
to infer the camera poses in W. This hypothesis gives us the initial estimate of the camera-rig transforms
and rig poses. Algorithm 1 provides details on how we infer this initial estimate from W. In the next step,
we optimize the initial estimate via non-linear refinement.

Algorithm 1: Algorithm for obtaining an initial estimate of camera-rig transforms and rig poses from W.

input : W
output: Initial estimate of camera-rig transforms and rig poses
A=0

for S, € W such that |S;| = n do
compute a hypothesis of camera-rig transforms {Hjy, ..., H, } from S; where H. is the rigid body
transformation from camera c to the rig’s reference frame

create an empty hypothesis of rig poses
for 7, € W do
compute |T,| estimates of the rig pose from 7, and {Hy,...,H, }

use the |T,| estimates to obtain an average estimate of the rig pose P, at time step u by using:

1. quaternion averaging (Markley et al., 2007) to obtain the average rotation, and

2. simple averaging to obtain the average translation

add P, to the hypothesis of rig poses

add the hypothesis of camera-rig transforms and rig poses to A

select from A the best hypothesis of camera-rig transforms and rig poses that minimizes the sum of
reprojection errors over all inlier 2D-3D feature correspondences used to infer the camera poses in W

5.3 Non-Linear Refinement

In this step, we minimize the sum of all reprojection errors by optimizing the camera-rig transforms and the
rig poses while keeping the coordinates of all 3D scene points fixed.

Formally, we solve the optimization problem

1:1)111’11:‘1 Z p (Hﬂ'(CC’Pt?HC?XP) - pctp||2) : (16)

tydc
c,t,p

7 is a projection function that predicts the image coordinates of the scene point X, seen in camera c given
the camera’s intrinsic parameters C., the rig pose Py, and the rigid body transformation from the camera
to the rig’s reference frame H.. pc, is the observed image coordinates of X, seen in camera c with the
corresponding rig pose P;. p is a robust cost function used for minimizing the influence of outliers. We use
the Cauchy cost function in this case. We visualize the reference frames and variables in Figure 14.
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Figure 14: Visualization of the different reference frames and variables described in the non-linear refinement
step.

6 Experiments and Results

This section presents a series of experiments to validate our self-calibration method (Section 6.1) and our
infrastructure-based calibration method (Section 6.2).

6.1 Self-Calibration

This section presents a variety of experiments to validate the accuracy and repeatability of the calibration
parameters estimated by our self-calibration method. Furthermore, we perform additional experiments to
validate the metric accuracy and global consistency of the map produced by the self-calibration method.

The first experiment measures the accuracy of the self-calibration method. In this experiment, we run an
AR-marker-based extrinsic calibration to provide ground truth data. We compare the results from our self-
calibration method against those from the AR-marker-based extrinsic calibration. The second experiment
measures the repeatability of the results from the self-calibration method over multiple loops in the same area,
and aims to show that the self-calibration method provides stable results. The third experiment evaluates
the accuracy of the vehicle poses estimated by our self-calibration method based on the use of GPS/INS
measurements as ground truth, and thus, the metric accuracy and global consistency of the map. The fourth
experiment evaluates the accuracy of the map based on a visual comparison with aerial imagery.

On an 2.80 GHz Intel Core i7 PC, our self-calibration pipeline takes approximately 3 hours to compute
the calibration parameters using 500 frames for each camera; the majority of the time is spent on the local
feature matching and joint optimization steps.



Table 2: Kermit: Estimated angles in degrees between the front camera (reference camera) and the other
three cameras.

’ \ QOur self-calibration | AR-marker-based calibration \ Difference ‘

Left Camera 87.6419° 88.3278° 0.6859°
Rear Camera 177.0829° 177.2843° 0.2014°
Right Camera 89.2839° 89.6838° 0.3999°

Table 3: Grobi: Estimated angles in degrees between the front camera (reference camera) and the other
three cameras.

’ \ Our self-calibration \ AR-marker-based calibration \ Difference ‘

Left Camera 93.1446° 92.5857° 0.5589°
Rear Camera 168.0953° 168.5607° 0.4654°
Right Camera 91.0565° 90.8517° 0.2048°

6.1.1 Experiment 1 - Accuracy of Calibration Parameter Estimates

We compare our extrinsic calibration results against those generated by an AR-marker-based extrinsic cal-
ibration. In this AR-marker-based calibration, three different types of AR markers are placed around the
vehicle: camera markers that are visible in at least one camera, floor markers that are placed on the ground
around the car, and wheel markers that are placed on the rear wheels to help identify the nominal odome-
try frame. The cameras on the vehicle together with a calibrated handheld camera capture images of the
markers. Subsequently, the markers are detected in all images, and a bundle adjustment is run to optimize
the poses of the markers and cameras. At the end of the bundle adjustment, the poses of the cameras are
extracted with respect to the nominal odometry frame; the locations of the floor markers define the ground
plane, and the wheel markers define the rear axis of the vehicle.

We compare the results for two different Volkswagen Golf cars which we name Kermit and Grobi respectively.
For both cars, we tabulate in Tables 2 and 3 the estimated angles between the front camera and the other
three cameras for both our estimated extrinsics and the AR-marker-based extrinsics. Similarly, we tabulate
in Tables 4 and 5 the unit estimated translations between the front camera and the other three cameras to
ignore the effect of scale. For Kermit, we show a visual comparison of the final estimated extrinsics with the
extrinsics computed by the AR-marker-based calibration in Figure 15. A green sphere marks the origin of
the odometry frame. We observe that for both cars, both sets of extrinsics estimated by our self-calibration
method and the AR-marker-based calibration almost coincide; the scale of the extrinsics estimated by our
self-calibration method is 2.7% and 0.8% smaller on average for Kermit and Grobi respectively.

Table 4: Kermit: Estimated unit translations in meters between the front camera (reference camera) and
the other three cameras.

] \ Our self-calibration \ AR-marker-based calibration \ Difference \

—0.5464 —0.5502 0.0038
Left Camera —0.2159| m —0.2420| m 0.0261| m
—0.8092 —0.7992 0.0100
—0.0074 —0.0160 0.0086
Rear Camera —0.1070| m —0.1343| m 0.0273| m
—0.9942 —0.9908 0.0034
0.5306 0.5274 0.0032
Right Camera —0.2261| m —0.2454| m 0.0193| m
—0.8169 —0.8134 0.0035




Table 5: Grobi: Estimated unit translations in meters between the front camera (reference camera) and the
other three cameras.

] | Our self-calibration | AR-marker-based calibration | Difference |

—0.5059 —0.5273 0.0214
Left Camera —0.3085| m —0.2906 | m 0.0179| m
—0.8055 —0.7985 0.0070
0.0372 0.0145 0.0227
Rear Camera —0.1835| m —0.1788 | m 0.0047| m
—0.9823 —0.9838 0.0015
0.5732 0.5513 0.0219
Right Camera —0.2614| m —0.2804| m 0.0190| m
—0.7766 —0.7858 0.0092

Figure 15: Comparison of extrinsics generated by our pipeline and the AR-marker-based calibration method
for Kermit. The green sphere marks the origin of the odometry frame while the green and red axes represent
the x-axis and y-axis of the odometry frame respectively. The cameras corresponding to the extrinsics
estimated by our self-calibration method are colored blue while those corresponding to the AR-marker-based
extrinsics are colored green. The grid resolution is 1 m.



We are unable to compare our approach with Carrera et al. (2011) as their 3D similarity transform step fails
in our experimental settings. The reason is that in outdoor environments, a vast majority of scene points are
usually located far away from the cameras, and thus, the estimates of their 3D coordinates have significant
noise.

Calibration algorithms are notoriously difficult to evaluate because of the difficulty of obtaining ground truth
values for the parameters being estimated. Hence, we resort to evaluating our method by demonstrating
the enhanced performance of algorithms that use the calibration parameters. We argue that the extrinsics
estimated by our self-calibration method are more accurate than those estimated by the AR-marker-based
extrinsic calibration. We propose two qualitative tests to support our argument: creating a composite top-
view image that is formed by projecting the image from each camera onto the ground plane using the given
calibration parameters, and performing motion stereo based on the plane sweep algorithm which takes three
consecutive images and corresponding odometry poses and computes a depth map based on these three
images. In the first test, the calibration parameters are assumed to be perfect if images from all cameras
blend seamlessly. Similarly, in the second test, the calibration parameters are assumed to be accurate if the
computed depth map from motion stereo is dense and accurate.

Composite Top-View Image: We create a composite top-view image by using the calibration parameters
to project the image from each of the four cameras onto the ground, and merging the resulting 4 images via
alpha blending. The image covers a 20 m x 20 m area with the vehicle’s odometry frame located at the center
of the image. Figure 16 shows the composite top-view images created with both sets of calibration parameters.
Seamless blending is observed in the image that corresponds to our self-calibration method, while no seamless
blending is observed at all in the image that corresponds to the AR-marker-based extrinsic calibration. This
visual difference shows that our self-calibration method produces very accurate calibration parameters.

(a) A composite top-view image created with calibration  (b) A composite top-view image created with calibration
parameters estimated by the AR-marker-based calibra- parameters estimated by the self-calibration.
tion.

Figure 16: Both composite top-view images are of a 20 m x 20 m area centered on the car. The four camera
images blend seamlessly with one another in the composite image on the right, but not in the composite
image on the left. This visual difference shows that our self-calibration method produces very accurate
calibration parameters.

Motion Stereo: We perform an experiment to show that the estimated calibration parameters are more
accurate than that of the AR-marker-based parameters; we use a multi-view plane-sweep-based stereo algo-



Figure 17: 3-view plane sweep stereo with the front camera. Forward camera motion is challenging for
motion stereo. The left depth map is computed using the AR-marker-based parameters while the right
depth map is computed using our estimated parameters.

Table 6: Mean and standard deviation of the rotation and translation vectors for each camera.

] | Rotation Vector | Translation Vector |
—0.0155 0.0007 —0.6026 0.0043
Left Camera —1.4958 | £ |0.0047 —0.1225| = ]0.0012
—0.0116 0.0007 —1.3954 0.0033
—0.0063 0.0002 0.1065 0.0039
Rear Camera 3.0932 | 4+ 10.0034 —0.0024| 4+ ]0.0013
0.0435 0.0018 —-1.6114 0.0034
0.0103 0.0006 0.7073 0.0043
Right Camera 1.5602 | = [0.0056 —0.0060| £ 10.0012
—0.0143 0.0008 —1.3041 0.0027

rithm (Yang and Pollefeys, 2003) with semi-global block matching to compute dense depth maps from recti-
fied pinhole images for each camera using only the odometry poses and calibration parameters without any
camera pose optimization. The plane sweep is extremely sensitive to the accuracy of the calibration param-
eters; we compare the depth maps computed by the plane sweep using the calibration parameters estimated
by our self-calibration method with the depth maps computed with the calibration parameters generated by
the AR-marker-based calibration. We show in Figure 17 that the use of our estimated parameters results in a
more accurate dense map especially on the ground compared to the use of the AR-marker-based parameters.
This result demonstrates the higher accuracy of our estimated parameters, and can be attributed to the fact
that our pipeline explicitly makes use of odometry data to estimate the camera-odometry transforms, and
makes use of a high number of features over a wide range of depths to ensure optimal accuracy.

6.1.2 Experiment 2 - Repeatability of Calibration Parameter Estimates

This experiment looks at the repeatability of the camera extrinsics estimated by our self-calibration method.
We drive 25 loops with the same camera configuration in a slowly changing environment in which cars
and pedestrians move around. For each loop, we use the same set of camera intrinsics, and estimate the
camera-odometry transforms. In turn, for each camera, we compute the rotation and translation vectors
that correspond to its pose with respect to the front camera. We tabulate the means and standard deviations
of the rotation and translation vectors for each camera in Table 6. In addition, we illustrate the distribution
of the rotation and translation vectors over the 25 loops in the form of a box plot in Figure 18. For ease of
comparison, we subtract the vectors from their means in this box plot.

We note that the standard deviations of the rotation and translation vectors are very small, and therefore,
conclude that the extrinsics estimated by our self-calibration method are highly repeatable.
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Figure 18: A box plot of the rotation and translation vectors about the mean for the left, rear, and right
cameras with respect to the front camera.
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Figure 19: A top-view plot of the vehicle poses (red) estimated by our self-calibration method together with
corresponding GPS/INS measurements (blue).

6.1.3 Experiment 3 - Pose Accuracy

In this experiment, we perform a quantitative evaluation of the accuracy of the vehicle poses estimated by
our self-calibration method. We use 6-DoF pose measurements from a GPS/INS system as ground truth.

We use our self-calibration method to generate a map from a 180-meter trajectory in an outdoor environment.
652 sets of synchronized images from all cameras were used in the self-calibration, and in turn, 652 vehicle
poses were estimated. We show a top-view plot of the vehicle poses together with the corresponding GPS/INS
measurements in Figure 19. The vehicle poses and GPS/INS measurements are marked as red and blue
respectively.

Based on the GPS/INS measurements, the vehicle poses estimated by our self-calibration method have
an average rotation and translation error of 0.140° and 3.51 cm respectively. These low errors show that
the estimated poses are accurate, and in turn, show that our self-calibration method produces a metrically
accurate and globally consistent map. This global accuracy is extremely important for our infrastructure-
based calibration method as it gives the method the ability to estimate accurate extrinsics for a multi-camera
rig.



6.1.4 Experiment 4 - Metric Map Accuracy

We use our self-calibration method to generate a map from a 308-meter trajectory. This map has 885734
2D feature points and 197836 3D scene points, and an average reprojection error of 0.37 pixels. In Figure
20, we show this map together with its predecessor which was generated at the beginning of the pipeline
with intrinsics estimated from the intrinsic camera calibration, and extrinsics estimated from the camera-
odometry calibration step. In the visualized map, each 3D scene point is colored according to the camera it
was first observed in. 3D scene points observed by the front, left, rear, and right cameras are colored red,
green, blue, and yellow respectively.

We observe in Figure 20 that the optimized intrinsics and extrinsics correspond to a more clearly-defined
map. This observation shows that the optimized parameters are more accurate than the initial parameters.
Furthermore, in this figure, we also show the map overlaid on aerial imagery which is manually aligned. This
overlay shows that the map aligns well with the aerial imagery on a global scale, and therefore, is metrically
accurate.

6.2 Infrastructure-Based Calibration

This section presents an evaluation of our infrastructure-based calibration method. We perform experiments
in both an indoor parking garage and outdoor urban environment on the ETH campus. Figure 21 shows
images of both areas taken by the front camera. We design our experiments to demonstrate that our
infrastructure-based calibration exhibits a high level of accuracy in both indoor and outdoor environments
in the presence of moving cars and pedestrians.

Before we conduct the experiments, we run the survey phase once to build a map for both areas as shown
in Figures 20 and 22a. To determine the accuracy of our estimated camera extrinsics, we compare the
estimated camera extrinsics against those estimated by the self-calibration method in the survey phase. We
first compute the pose of each camera with respect to the first camera for both sets of extrinsics. Then, we
use these relative poses to compute the rotation error and two types of translation errors: the angle between
the two translation vectors, and the norm of the difference between the two translation vectors. These three
error metrics are used to give a quantitative measure of the accuracy of the camera extrinsics estimated by
our infrastructure-based calibration method.

On average, it takes 0.5 seconds to estimate the camera poses from each set of images assuming that each
camera has its own dedicated thread which processes all images coming from that camera. Computing the
initial estimate of the camera extrinsics together with non-linear refinement typically takes no more than 5
seconds.

6.2.1 Experiment - Indoor Parking Garage

In this experiment, a vehicle is driven along one loop with the same camera configuration that was used to
generate the map. This loop trajectory differs from that taken by the vehicle during the data collection for
building the map. This experiment aims to show that our estimated extrinsics and those estimated by the
self-calibration method are the same.

Figure 22a shows the map generated by the self-calibration method that is used in the infrastructure-based
calibration. Figure 22b shows the subset of scene points that are from the map and used for the calibration.
Furthermore, Figure 22b shows the estimated camera poses which are used to infer the camera extrinsics.

We tabulate in Table 7 the three error metrics for our estimated extrinsics, using the extrinsics estimated by
the self-calibration method as ground truth. The infrastructure-based calibration estimated the extrinsics
from 167 sets of camera poses with an average of 3.05 camera poses per set. A total of 37860 2D-3D



Figure 20: Each 3D scene point is colored based on the camera it was first observed in. The distance between
consecutive major grid lines marked by thick white lines is 50 meters. The distance between consecutive
minor grid lines marked by thin white lines is 10 meters. (a) The map with intrinsics estimated from the
intrinsic camera calibration, and extrinsics estimated from the camera-odometry calibration step. (b) The
map with optimized intrinsics and extrinsics. (¢) The map is overlaid on aerial imagery.



Figure 21: (a) Indoor parking garage and (b) outdoor urban environment as seen from the front camera

(a) (b)

Figure 22: An experiment in an indoor parking garage as shown in Figure 21a. (a) The map generated by
the self-calibration method. The camera poses marked in white illustrate the twisting path taken by the car.
(b) The subset of scene points from the map and which is used for infrastructure-based calibration is shown.
The camera poses inferred from PnP are marked as white triangles. Here, the car approaches the end of a
loop, and the current set of camera poses are derived from 2D-3D correspondences visualized as lines from
the camera poses to the scene points.



Table 7: Indoor experiment: error metrics for the extrinsics estimated by our infrastructure-based calibration
method.

‘ ‘ Left Camera ‘ Rear Camera ‘ Right Camera ‘

Rotation error (deg) 0.0044 0.0032 0.0088
Translation error (deg) 0.0563 0.0468 0.0349
Translation error (m) 0.0016 0.0022 0.0021

Figure 23: The left camera is mounted on a three-way tripod head, which in turn, is mounted on a sliding
plate. This sliding plate is attached to the car roof via screws.

correspondences were used. The initial estimates of the extrinsics and rig poses had an associated average
reprojection error of 0.99 pixels which reduced to 0.69 pixels after non-linear refinement. It is observed from
the results in Table 7 that the extrinsics estimated by our method are virtually the same as those estimated
by the self-calibration method.

6.2.2 Experiments - Outdoor Urban Environment

We run a total of four experiments. In each of the first three experiments, the Prius is driven in one
loop in the same scene and with a different camera configuration. As in the indoor experiment, this loop
trajectory differs from that taken by the Prius during the data collection for building the map. These
three experiments aim to show that our calibration can reliably estimate the camera extrinsics for a camera
configuration different from that used for building the map. For the fourth experiment, we drive the Prius
over 25 loops for 1 hour with the same camera configuration that was used to generate the map. This
experiment shows the impact of a changing environment on the calibration accuracy; during this one hour,
cars and pedestrians continually move around, and plants and trees sway significantly in moderate wind
conditions. From odometry measurements, the average distance of each loop in all experiments is 308 m.

We use a three-way tripod head and a sliding plate in Figure 23 to ensure that camera configuration changes
can be measured as precisely as possible.

Experiment 1: The left and right cameras are moved towards the front of the car by 10.0 cm as measured
with a ruler. The infrastructure-based calibration used 418 sets of camera poses with an average of 3.26
camera poses per set. Based on the results from our method, the left and right cameras are deemed to have
moved 10.08 cm and 10.36 cm respectively. These estimates closely agree with the hand measurements.
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Figure 24: A plot of the maximum errors against the time at which each loop was completed.

Experiment 2 The left camera is rotated around its z-axis towards the ground by 30° as measured with
a scale that is available for each axis of movement of the three-way tripod head. The infrastructure-based
calibration used 411 sets of camera poses with an average of 3.14 camera poses per set. Our method
estimates the left camera to have rotated about its z-axis by 29.9°. This estimate closely agrees with the
hand measurement.

Experiment 3 The left camera is rotated around its z-axis towards the front of the car by 15°. The
infrastructure-based calibration used 381 sets of camera poses with an average of 3.20 camera poses per set.
Our method estimates the left camera to have rotated around its z-axis by 14.3°. This estimate closely
agrees with the hand measurements.

Experiment 4 For each of the 25 loops, we estimate the extrinsics, and find the maximum of the three error
metrics among all cameras. We then plot in Figure 24 these maximum errors against the time at which each
loop was completed. Furthermore, we use a box plot in Figure 25 to show the distribution of the maximum
errors over the 25 loops. These plots show that our calibration method is still very accurate regardless of
changes in the environment, as the maximum rotation and translation errors do not exceed 0.035°, 0.28°,
and 0.88 cm respectively. We note that these errors are higher than those from the indoor parking garage
experiment as the average depth of the scene points in the indoor parking garage is smaller. In other words,
the nearer the scene points to the camera, the more accurate the calibration parameters.

7 Discussions

Our past use of an AR-marker-based extrinsic calibration method motivated the development of our
infrastructure-based calibration method. The AR-marker-based calibration method required us to prepare
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Figure 25: A box plot of the maximum errors for 25 loops.

many AR markers and a calibrated camera for taking images of the scene in conjunction with the multi-
camera system. This method was time-consuming, and required a great deal of manual and repetitive
work. Hence, we set out to develop a calibration pipeline that was unsupervised, and minimized operator
involvement.

Our original implementation of the SLAM-based self-calibration method (Heng et al., 2013) had several
flaws that led to an inaccurate map of the calibration area, and in turn, inaccurate estimates of the extrinsic
parameters. On some occasions, wrong loop closures caused the map to become distorted, and the extrinsics
to become inaccurate. The relative inter-camera poses were not sufficiently accurate for a seamless composite
top-view image. Furthermore, optimization of the intrinsics in the bundle adjustment led to overfitting; lines
in rectified pinhole images were no longer straight after joint optimization. This line warping issue caused
problems for multi-view stereo applications that depended on rectified pinhole images. Lastly, scale drift
occurred during joint optimization, causing the scale of both the extrinsics and the map to become inaccurate.
Hence, in this paper, we added robust pose graph optimization to solve the false loop closure problem, and
added multiple sets of inverse-covariance-weighted residuals in the joint optimization to improve the accuracy
of the relative inter-camera poses, prevent overfitting of the intrinsics, and avoid scale drift.

Our infrastructure-based calibration method is able to produce accurate calibration parameters such that the
resulting composite top-view image created from a multi-camera system shows seamless blending between
images from all cameras. The infrastructure-based calibration consistently produces accurate calibration
parameters as long as the map is metrically accurate, and is an accurate representation of the environment.

However, the infrastructure-based calibration method can fail in three cases:

1. If a map of a dynamically changing environment is used for the infrastructure-based calibration long
after it was created, the image-based localization step may yield either too few or erroneous camera
poses, and produce inaccurate calibration parameters as a result. Here, the image-based localization
will not work well as expected because the map does not accurately represent the calibration area.

2. The map is metrically inaccurate and not globally consistent. There are three causes which cause a



degradation in the quality of the map provided by our self-calibration method:

(a) Wrong loop closures are considered in the construction of the map. During self-calibration,
robust pose graph optimization may fail in self-similar environments in which a wrong loop
closure occurs more often than a correct loop closure. As a result, wrong loop closures may
be misclassified as correct, and in turn, the map becomes distorted, and the estimates of the
extrinsics are inaccurate. However, we use a visualization tool to visually inspect the map after
the completion of the self-calibration, and we observe that if the map visually looks correct
given knowledge of the environment layout, the extrinsics are usually accurate.

(b) The odometry system on the survey vehicle is not calibrated. The scale accuracy of the map
generated by our self-calibration method is closely tied to the scale accuracy of odometry data.
If odometry data reports inaccurate scale information such that the distance travelled by the
vehicle is either overestimated or underestimated, the scale of the map will be inaccurate. In
turn, the scale of the extrinsics estimated by the infrastructure-based calibration is inaccurate.
Nevertheless, if we ensure that the odometry system on the survey vehicle is always well-
calibrated, the resulting map and extrinsics will be accurate in terms of scale.

(c) There are too few features in the environment due to lack of texture. Monocular visual odometry
may break very often, loop closures may be difficult to detect, and feature correspondences
between different cameras may be few. Hence, without sufficient features in the environment,
we cannot obtain a metrically accurate and globally consistent map.

8 Conclusions

Through extensive field experiments, our SLAM-based self-calibration method is proven to provide a metri-
cally accurate and globally consistent map of the calibration area during the survey phase. As a result, our
infrastructure-based calibration method computes highly accurate calibration parameters for a multi-camera
rig with non-overlapping fields of view. Due to the use of natural features, our infrastructure-based cali-
bration method can be used in an arbitrary environment without the need for special calibration setups or
environment modifications. Most importantly, the calibration is quick and unsupervised. Hence, no substan-
tial time-related and material-related costs are incurred from using our method to calibrate a multi-camera

rig.

Our extensive experiments clearly demonstrate the high accuracy of both our self-calibration and
infrastructure-based calibration methods. Both methods are demonstrated to work both indoors and out-
doors. We show that our infrastructure-based calibration method can infer calibration parameters for camera
configurations which significantly differ from that used to build the map during the survey phase. We also
show changes in the environment to have no impact on the calibration accuracy.

We see our infrastructure-based calibration method as having huge potential benefits for the robotics com-
munity and automotive industry as the method is unsupervised, robust, easy to use, and produces accurate
calibration parameters. The implementations for the self-calibration and infrastructure-based calibration
methods are available as part of the CamOdoCal library at https://github.com/hengli/camodocal.

9 Future Work

We plan to work on an online version of the calibration. The motivation is that several cameras on our car
platforms are mounted on movable parts, for example, a car door, and that vision applications will fail when
the cameras are moved. Furthermore, wear and tear causes the camera extrinsics to change slowly over
time. An online calibration avoids the need for drivers to periodically bring their vehicles equipped with
multi-camera systems to the workshop for recalibration. To deal with unobservable parameters during online
calibration, we will explore the use of the method proposed by Maye et al. (2013), which locks unobservable



directions in parameter space, and chooses informative measurements to keep the computational complexity
limited.

In addition, we will look at extending the usable lifespan of the map used for the infrastructure-based
calibration by exploring time-invariant feature descriptors and illumination-invariant imaging.

Finally, we would like to investigate the possibility of integrating our recent work on continuous-time state
estimation into the calibration pipeline. This would allow the estimation of the time offsets between the
odometry and image measurement streams (Furgale et al., 2013a), and enable the pipeline to work with
rolling shutter cameras (Oth et al., 2013) that are ubiquitous in the automotive industry.
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