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Executive summary
This deliverable reports on the progress within work package 3 of the V-Charge
Project for Autonomous Valet Parking and Charging for e-Mobility. The main objec-
tive of the overall work package is to develop and test novel approaches towards
online, robot-local localization and environment perception using camera-based,
ultrasonic and probably radar based sensors. The sensors are selected with an eye
kept to a resulting close-to-market setup.

The goal of this deliverable is to report final integration status and results of perfor-

mance evaluation for all components involved in the work package 3.

In detail the deliverable addresses the following tasks from the description of work:
“Task 3.6: Testing and Integrity Check (RBG (lead), VW, Oxford, ETHZ)
Bosch, in cooperation with VW, Oxford and ETHZ, is responsible for integrating
and testing the developed localization and scene analysis algorithms on the test
vehicle. This validation will be an ongoing task during the entire project, adapted
to its different stages. In particular, it requires the availability of accurate ground-
truth data, which is one major goal in this task. Furthermore, we will formulate
evaluation criteria for the quality of the semantic maps (delivered from WP2)
and the scene analysis module based on the resulting performance improve-
ment of the localization algorithm.

First of all, final status of sensor / software-module integration in the V-Charge sys-
tem is explained in Section 1. Integrated software-modules are categorized into
three groups: localization, perception in static environment and perception in dy-
namic environment.

In the group of localization, a module of “Visual Localization” developed by ETHZ-
ASL and VW is included (Section 2). The localization algorithm works based on
mono-camera images. Performance of the Visual Localization module is evaluated
in Section 2.1.

Four modules are categorized into the second group, perception in static environ-
ment: “Stereo-Cameras” developed by RBG, “Structure from Motion based on
Mono-Cameras” developed by ETHZ-CVG, “Ultrasonic Sensors” from RBG and
“Grid-Map Fusion” by VW (Section 4). Evaluation results for accuracy of obstacle
positions detected by these modules are shown in the sub sections.
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In the last group, perception in dynamic environment, five modules are included:
“Object Tracking” by VW and “Stereo Hypothesis Classification”, “Mono Object De-
tection by Classification”, “Dynamic Object Detection at Intersections” and “Parking
Spot Refinement” developed by Parma (Section 5). Performance for these modules

is evaluated in the sub sections.

In addition to evaluations for each module, some problems observed during test
drives have been analyzed. Problems appearing in vehicle behavior (unexpected
or “strange” behavior) need to be analyzed by tracing back on the module chain in
the system. A problem which occurred in the ACC scenario is taken as an example
and “cross-module” analysis is introduced in Section 6.

In a final conclusion (Section 7), an overview on performance of all perception-re-
lated modules integrated in the V-Charge system is summarized.
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1 Introduction

V-Charge is a collaborative project to investigate and provide a profound impact on
the state-of-art in automated driving in low-speed environments such as parking
lots, for example, automated valet-parking. The project concept is to combine an
automated valet-parking system with a topic of battery charging for near-future E-
Mobility life.

In combination with very restricted integration effort on the infrastructure side, this
goal shall be achieved with entry-level, low-cost sensors for the task of online per-
ception (Work Package 3). Only vision based sensors (cameras) and ultrasonic
sensors which are already in or close to series-production are integrated.

In this section, final status of sensor (hardware) integration and software-module
integration is explained.

1.1 Sensor Integration
Keiji Mimura, RBG

There are three types of sensors integrated in the V-Charge system: stereo-cam-
eras (front and rear), fisheye mono-cameras and ultrasonic sensors (Fig. 1, Fig. 2).

— °

\ M Front Stereo Camera (RBG)

Range: 45 m/ FoV: 45°

Fisheye Mono Cameras -
FoV: 185° B

,.oio,,

Ultrasonic (RBG)
Range: 5-7m

Rear Stereo Camera (RBG)
Range: 5 m/ FoV: 120°

Fig. 1: Overview of integrated sensors in V-Charge test vehicles



000

Deliverable 3.5: Final integration and evaluation V-CHARGE

Fig. 2: Integrated sensors (Top: Front Stereo-Camera, Bottom-Left: an Ultrasonic Sensor, Bottom-
Right: a Fisheye Mono-Camera)

A front stereo-camera is installed in the front to detect objects (Fig. 2, top). Its range
is 45 m and field-of-view (FoV) is 45 degree. Reference images have resolution of
512 x 219 Pixel. A prototype rear stereo-camera module is installed in the rear. The
lenses for the rear stereo-camera are same fisheye lenses as ones for the mono
cameras. Its stereo baseline is 5 cm so that the module can be integrated into the
VW-logo in the rear. Stereo-cameras (front and rear) deliver distance data readings
at 12.5 [Hz].

In addition to stereo-cameras, four fisheye mono-cameras are installed in the front
VW-logo (Fig. 2, bottom-right), in the rear VW-logo and in both side mirrors. They
have a nominal FoV of 185 degree and 1.3 Megapixel resolution and synchronously
triggered at 12.5 Hz. Partners get raw images from mono-cameras for their soft-
ware-modules.

Beside vision based sensors, twelve ultrasonic sensors are installed in front-/rear-
bumpers (6 in the front, 6 in the rear) to detect objects in short range (Fig. 2, bottom-
left). Each sensor has an aperture angle of horizontally 120 degree and vertically
60 degree and a range up to 4.2 m. Partners have access to raw distance readings
and preprocessed object distance readings.

1.2 Software-Module Integration
Keiji Mimura, RBG

In the work package 3, seven software-modules have been developed by different
partners, integrated into the test vehicles and tested. An overview of the modules
is shown in Tab. 1.
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Category Software-Module Responsible Source Integration
Partners Sensors Status
Localization Visual-Localization | ETHZ-ASL, | Fisheye Integrated
VW Mono-Cameras
Perception in Static En- | Stereo-Cameras RBG Stereo-Cameras | Integrated
vironment (Front and Rear) (Front and Rear)
Structure-from- ETHZ-CVG | Fisheye Integrated
Motion Mono-Cameras
based on

Mono-Cameras

Ultrasonic RBG Ultrasonic Integrated
Sensors Sensors
Grid-Map Fusion VW (Outputs from Integrated
Stereo-Cameras,
SfM, US)
Perception in Object Tracking VW Stereo-Cameras | Integrated
Dynamic Environment Stereo Hypothesis | Parma Fisheye Integrated
Classification Mono-Cameras
Mono Object Parma Fisheye Integrated
Detection Mono-Cameras

by Classification

Dynamic Object Parma Fisheye Integrated
Detection Mono-Cameras
at Intersections

Parking Spot Parma Fisheye Integrated
Refinement Mono-Cameras

Tab. 1: Overview of software modules

The software-modules are categorized into three groups: localization, perception in
static environment and perception in dynamic environment. In the group of locali-
zation, a module of “Visual Localization” developed by ETHZ-ASL and VW is in-
cluded. The localization algorithm works based on the fisheye mono-camera im-
ages. Four modules are categorized into the second group, perception in static en-
vironment: “Stereo-Cameras” developed by RBG, “Structure from Motion based on
Mono-Cameras” developed by ETHZ-CVG, “Ultrasonic Sensors” from RBG and
“Grid-Map Fusion” by VW. The module of Grid-Map Fusion takes outputs from other
three modules (Stereo-Cameras, Structure from Motion, Ultrasonic Sensors). In the
last group, perception in dynamic environment, two modules are included: “Object

Mk

Tracking” by VW and “Stereo Hypothesis Classification”, “Mono Object Detection
by Classification”, “Dynamic Object Detection at Intersections” and “Parking Spot
Refinement” developed by Parma. The Object Tracking module works based on the

output from the Stereo-Cameras and all components developed by Parma process

7
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the output from the Object Tracking and the images from the Fisheye Mono-Cam-
eras.

All components listed in Tab. 1 have been integrated into V-Charge test vehicles.

2 Localization

As a localization system in the V-Charge system, a component “Visual Localization”
has been integrated. The Visual Localization module finds vehicle’s position and
orientation through matching of natural landmarks based on images from fisheye
mono-cameras through matching.

2.1 Visual Localization
Mathias Buerki, ETH-ASL

The visual localization system has been developed in close collaboration between
ASL and VW, and is related to the mapping activities of CVG and OX defined in
WP2. Four mono-fisheye cameras, attached to the car in all cardinal directions, are
used together with wheel odometry sensors to build vision-based maps against
which the car can robustly and reliably localize itself (Fig. 3). The performance of
this visual localization system has been tested and analysed extensively in the past
sixteen months. For this purpose, 77 datasets over a total length of 30km were
collected and evaluated. The analysis focuses on robust metric localization in out-
door conditions subject to change in weather and lighting. A key element to reach
this goal and a major contribution of this work forms the summary-mapping tech-
nique, which applies various simple as well as more sophisticated landmark selec-
tion strategies to downsize multi-session maps. Through this, efficient and reliable
localization is made possible at constant map sizes (wrt. the mapped area). The
results have been submitted and accepted for publication in Journal of Field Robot-
ics [1].

Key Evaluation Results:

e Localization accuracy < 10cm (local error, wrt. DGPS)

« Localization possible outdoor over full yearly cycle

o Constant map size while localization success rate with summarization tech-
niques

« Localization possible over day-night cycle (with limitations)
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Fig. 3: An Example scene of a matching process in Visual Localization

3 Perception in Static Environment

In order to realize collision-free drive, obstacles around the vehicle need to be de-
tected and avoided. Static objects are detected by various sensors and fused to
represent the environment in a form of Grid-Map. All related modules are summa-

rized in Fig. 4.
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Fig. 4: Overview of modules in Perception in Static Environment
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3.1 Stereo-Cameras
Bernd Gobelsmann, RBG

A stereo-camera is installed in the front to detect objects. Its range is 45 m and its
field-of-view (FoV) is 45 degree (Fig. 5). There are two operation modes for the
front stereo-camera:

a) Deliver distance data readings + left reference image
b) Deliver left and right reference images

These two operation modes are switchable online per software. Reference images
have resolution of 512 x 219 Pixel. Stereo-cameras (front and rear) deliver distance
data readings at 12.5 [Hz].

Range: 45 m

FoV: 45 deg ( " H

Fig. 5: Range and Field-of-View (FoV) of Stereo-Camera Front

A prototype stereo-camera module is installed in the rear. The lenses for the rear
stereo-camera are same fisheye lenses as ones for the mono cameras. Its stereo
baseline is 5 cm so that the module can be integrated into the VW-logo in the rear.
In order not to make the over-all system complex, the mono cameras and the rear
stereo-camera remain separate sub-systems. As a consequence, there are 3
lenses integrated in the rear VW-logo: 1 lens for the mono cameras and 2 for the
rear stereo-camera. This new rear stereo-camera is connected to the same PC as
the front stereo-camera which results in no additional components except the ste-
reo-camera module itself. Its range is 5 m and its field-of-view (FoV) for the stereo-
camera function is 120 [deg] (Fig. 6).

Range: 5 m
«—>

B FoV: 120 deg

Fig. 6: Range and Field-of-View (FoV) of Stereo-Camera Rear

10
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Both stereo-cameras deliver up to several hundreds of preprocessed object dis-
tance readings, together with additional attributes like height over ground or instan-
taneous motion direction (Fig. 7). The rear stereo-camera is conceptually similar to
the front stereo-camera. Main difference is its wide FoV. As lenses with wide FoV
used in the rear stereo-camera, necessary adaptations to manage visual distortions
are included in the processing for the rear stereo-camera.

Fig. 7: Objects detected by Stereo-Camera Front

3.1.1 Evaluation Method and Data-Set
For evaluation we generated datasets with ground truth positions coming from laser
rangefinder. The dataset for front-stereo consist of measurements of a car standing
in front of the ego-vehicle. Several distances from 5m to 25m in camera coordinate
system were analyzed (Fig. 8). Based on these static scenes we made an evalua-
tion of the object distance readings. Target was to determine the relative difference
of the measured distance of the car in front to ground truth position.

BT WA
lwﬁa; |
I g S
L I J.,_ ¥ =
3000

| e _\‘ﬂmj a0 car

2000

5000

4800
4000

3500

Fig. 8: Evaluation setup of Stereo-Camera

1500
Front

1000 -

500

Fig. 9: Min. distance (y-axis) of each column seg-

ment (x-axis) in cm. Ground-truth distance is 15m.
The evaluation method of rear stereo system is very similar to front stereo. Here
the dataset consists of a row of sequences with targets positioned in a grid back of
the car. The lateral expansion of the analyzed surface extends from -2m to +2m
and the longitudinal expansion extends from Om up to 4m in camera coordinate

system. A Sample image is shown in Fig. 10.
11
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Fig. 10: Sample image Stereo-Camera Rear

3.1.2 Evaluation Result

As mentioned above our target from our front stereo image processing was to de-
termine the relative difference of the measured distance of the car in front to ground
truth position. For this we analyzed the minimum distance detected in 100 frames
per column segment (Fig. 9). Because the measurements are entered into the grid
map, we need to evaluate the minimal distance measured. The mean deviation over
all column segments is lower than 2% in all tested distances. We can say that the
stereo camera is a suitable sensor for this use case.

For the rear stereo camera the longitudinal- and lateral deviation is analyzed sepa-
rately. The longitudinal deviation from ground truth measurements is shown in Fig.
11. Four rows of objects (distances from 1m to 4m) were placed in back of the car
and separately analyzed. The mean deviation in lateral direction is shown in Fig.
12. We also used four rows of objects but this time rotated 90°. The mean deviation
in both directions is about five percent. The accuracy should be symmetry, but small
errors in calibration can lead to asymmetry.

Beside evaluation for distance measurement accuracy, the height of objects to be
detected was evaluated: the minimum height of objects is c.a. 60cm.

In Chapter 3.4 “Grid-Map Fusion”, a grid-map layer based on stereo-camera output
is evaluated in different scenarios (Fig.17 and Fig.18). The evaluation results on
the “stereo-camera” grid-map layer (Tab.7 and Tab.8) basically match well with the
evaluation results here.

12
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Fig. 11: Longitudinal deviation of stereo meas- Fig. 12: Lateral deviation of stereo measure-
urements in ratio (0.1 = 10%) ments in ratio (0.1 = 10%)

3.2 Structure-from-Motion based on Mono-Cameras
Christian Haene, ETH-CVG

We developed and integrated a system that computes obstacle information based
on the fisheye camera images and the motion of the car. For the motion of the car
we solely rely on the vehicle’s wheel odometry.

The system works by first computing depth maps and then subsequently analyzing
the depth maps to find the relevant obstacles. In order to compute depth maps,
several images of a slightly different known viewpoint are necessary. This is
achieved by treating each camera independently and using several subsequent
camera images while the car moves. The camera pose is computed by applying
the extrinsic camera calibration on the vehicle pose from the wheel odometry.

The details of our system are described in two scientific papers [2] [3] one was
published at the 3D Vision conference (3DV) 2014 and the other one is currently
under review.

[2] describes how the depth maps are computed based on the camera images. The
algorithm is implemented on a graphics processing unit (GPU) and achieves real-
time performance. One of the novelties of the approach is that the fisheye images
are directly matched without extracting pinhole images.

[3] describes how the obstacle information is extracted from the depth maps and
evaluates the accuracy. To be able to make meaningful statements about the ac-
curacy we implemented a fusion approach for the extracted obstacle information.
The evaluation was done by measuring the width of a parking spot and the distance
between two obstacles using a tape measure and then comparing this ground truth
measurements with the measurements extracted from the fused result. We achieve
measurements which are within £ 10 cm from the ground truth, which is accurate

13
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enough for the anticipated tasks. Note that the fusion which is used here is different
from the grid map fusion used in the car. It is specifically tuned to handle the output
of the structure-from-motion module. The grid-map fusion used on the car needs to
be able to fuse different sensors such as binocular stereo camera data, ultrasound
obstacle information and the output of the structure-from-motion module. Therefore,
the results reported here are slightly more accurate than the ones from the grid-
map fusion module.

For the details of our system we would like to refer to the attached scientific articles.

3.3 Ultrasonic Sensors
Keiji Mimura, RBG

Ultrasonic sensors are range sensors based on a time-of-flight concept using ultra-
sonic waves. A Bosch Ultrasonic system was used in V-Charge. The system is used
for near-range environment perception.

The Bosch system has multiple modes. V-Charge makes use of a mode with pre-
processed data. The preprocessing algorithm provides ultrasonic objects to repre-
sent the environment. Raw sensor echoes are preprocessed to achieve higher ac-
curacy. To increase spatial resolution neighboring sensors are combined. The ech-
oes are also filtered over time to gain a more detailed understanding of the environ-
ment, which is modeled using obstacle points and line segments. Specialized park-
ing spot detection algorithms based on raw sensor echoes allow far better results
in this special application. However the ultrasonic objects where used to create a
higher level environment model together with other sensors, so the evaluation also
focuses on the same data. Fig. 13 illustrates a typical parking scenario showing the
ultrasonic objects.

.\.0\

° a)

Fig. 13: Ultrasonic measurements in a typical parking situation (The environment is modeled using
points a) and line segments b). In the figure points on line segment endings define confident segment
endings. The absence of a point on an ending signals an ongoing segment c).)

14
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3.3.1 Evaluation Criteria and Methodology
Ultrasonic information is evaluated as it is integrated into the static environment grid
map, disregarding higher level information such as the line between the coordinates
itself or the information that the line is ongoing at the end point.

Parking

The ultrasonic sensors’ accuracy is generally very dependent on scenarios. Evalu-
ations in simplified scenarios show only limited insight into accuracy of measure-
ment in parking scenarios.

To evaluate the sensor performance in parking application accurately, the parking
spot width defined by ultrasonic sensor readings is calculated for different parking
scenarios. The reference information is the pre-defined parking position and park-
ing spot dimensions measured manually with laser measurement equipment.

To calculate a parking spot width based on ultrasonic sensor readings, points from
each side of the parking spot must be available. This is not the case in each meas-
urement cycle. In order to calculate a mean error of the estimated widths, they are
separated into equally sized bins over the remaining path. The mean of the width
bins is then calculated per bin.

Part of the evaluation is done at crucial positions of events during the parking ma-
neuver, called evaluation spots. The evaluation was performed at the following
events. See also Fig. 15 for the illustration of typical those positions on the vehicle’s
trajectory.

15
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Entered parking space
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Fig. 14: Evaluation of a typical parking run (The vehicle - visualized in black color, arrow points to front
direction - parks in the parking spot - cyan color - by driving the green trajectory. Ultrasonic points in

red color are considered belonging to the parking spot. The desired pose within the parking spot is
illustrated in green.)

1) Approaching the parking spot

The event occurs when the first ultrasonic objects are associated to the parking
spot boundary. This given an initial guess about the expected parking spot width.
The vehicle is usually several meters away from the parking position.

2) Crossing the center line with front

In all scenarios backward parking is performed. That means the vehicle crosses the
center axis of the parking spot. This evaluation event is reached when the vehicle’s
front passed the center line the first time.

3) Crossing the center line with rear end

This event corresponds to the event before, but occurs when the rear end of the
vehicle crosses the center line.

4) First stop

In this event a specialized trajectory planning algorithm may be executed and find
a suitable collision-free path into the parking spot. Accuracy of the parking spot

16
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width is crucial. However since in this evaluation only current measurements are
used

5) Entered parking spot

The event occurs as soon as vehicle shape and parking spot overlap. It represents
a time frame where re-planning of the trajectory might be necessary based on new
sensor information.

6) In parking position

This final event is reached when the vehicle reaches its final position on the trajec-
tory. In this position the sensors perceive usually good results

Front passed center line

First stop

Fig. 15: Evaluation points in a typical parking maneuver

3.3.2 Data-Set used for Evaluation
The data-set was recorded from 11.11.2014 — 13.11.2014 in Wolfsburg, Germany
with the V-Charge demonstrator vehicle.

The evaluation data-set consists of 3 different cross-parking spots in which the ve-
hicle is parked backward in automated mode. For each spot there are different goal
poses that had been previously recorded by the localization system of the vehicle.
A pose is defined by its position and orientation with respect to world coordinates.
The parking spot geometry was measured by the reference system, a handheld
laser sensor. Tab. 2 shows an overview of the data-set.

17
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The parking algorithm planned the trajectories to the goal poses and parks the ve-
hicle while trying to avoid collisions with the environment, which is primarily de-
tected by the ultrasonic sensors.

Parking spot Reference width Number of runs
PS1 3,27 36

PS2 3,19 11

PS3 3,21 3

Tab. 2: Overview of the data-set.

3.3.3 Evaluation Results and Discussion
Evaluation

Fig. 16 shows the measured parking spot width based on ultrasonic points objects
over the remaining path to the parking spot. Additionally the mean positions of the
crucial spots over all runs are displayed as vertical lines.

Tab. 3 shows the corresponding mean error at the evaluation spots.

A fast decay of the error can be observed after the vehicle enters the parking spot.
This is caused by two effects. First, the obstacles are measured in a much shorter
distance when entering the parking spot than when driving by. Second, the position
and orientation of sensors with respect to the obstacles and the obstacles planar
surface allow more accurate measurements when entering the spot.

Discussion

As a result it can be stated that even with an ultrasonic environment perception that
is not focused on parking situations the accuracy of the data is suitable to measure
the parking spot width, especially in shorter distances where collisions must be pre-
vented.

Position Parking spot width error [m]
(absolute value)

Near parking position 1.68

Crossing the center line with front 1.27

end

Crossing the center line with rear end 1.19

First stop 0.99

Entered parking spot 0.77

In parking position 0.04

Tab. 3: Mean error measured at the evaluation points over all runs.

18
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Fig. 16: Parking spot width error and its standard deviation (dashed lines) over the remaining path
length of all available runs and scenarios.

In Chapter 3.4 “Grid-Map Fusion”, a grid-map layer based on ultrasonic sensors
outputs is evaluated in different scenarios (Fig.17 and Fig.18). The evaluation re-
sults on the “ultrasonic sensors” grid-map layer (Tab.7 and Tab.8) basically match
well with the evaluation results here.

19
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3.4 Grid-Map Fusion
Peter Muehlfellner, VW

In V-Charge, an occupancy grid map [4] is used to fuse information from different
sensors and provide an obstacle representation for use in local planning. Incoming
obstacle information from all available sensors is fused into a two-dimensional lat-
tice. Each grid point on this lattice stores the probability that the corresponding sec-
tion of the world is occupied by an obstacle. These occupancy probabilities are
updated from sensor measurements using standard Bayesian methods [4]. The re-
sulting occupancy grid map describes a metric region surrounding the vehicle, at a
resolution that is defined according to application requirements.

In practice, we keep track of two separate grid maps that are parametrized to allow
both navigation on the parking lot and precision parking maneuvers. The navigation
map covers a larger area at a lower resolution, whereas the parking map provides
high resolution for a small region. The exact parameters for each grid map, as well
as the sensors used to generate it, are given in Tab. 4. The values for these pa-
rameters were selected to allow representing the highest resolution sensor that is
used for each of the grid maps.

Layer Name Cell size (m)  Size (m) Sensors
Driving Layer 0.1 50 Front Stereo Camera
Parking Layer 0.05 25 Dense Motion Stereo, Ultrasonic, Rear Stereo Camera, Front

Stereo Camera

Tab. 4: Parameters and sensors for the two occupancy grid maps

In the following we will evaluate the suitability of the occupancy grid map as a basis
for automated driving in static environments. We design a methodology for evalua-
tion, define a set of experiments and evaluate the results of these experiments.

3.4.1 Evaluation Methodology

The obstacle sensors we employ each have different capabilities and limitations.
Each sensor has a limited field of view, some sensors suffer from false-positive or
false-negative measurements and they all provide metric obstacle information with
various precisions. The goal for our occupancy grid map is to combine the strengths
of the individual sensors, while getting rid of their weaknesses. To evaluate how
well we perform this task, we first consider the completeness of the fused grid rep-
resentation: do all obstacles appear in the grid map, how are well are difficult ob-
stacles handled? Second, we consider the precision of the grid map: what is the
error made in measuring the metric position of obstacles?

Completeness

To evaluate the completeness of the generated occupancy grid maps, we look at
several scenes that include elements that are typically difficult for the sensors we

20



000

Deliverable 3.5: Final integration and evaluation V-CHARGE

employ. These scenes include obstacles with repetitive texture, such as wooden
and wire-link fences, which are notoriously difficult for the stereo and structure from
motion based obstacle sensors. We also consider objects with high ultrasonic ab-
sorbance and small obstacles, such as traffic cones and poles. Based on fused
occupancy grid snapshots of the example scenes, we determine whether objects
are missing and whether safe driving would be possible given the input.

The range at which obstacles appear in the grid is equally important, to allow safe
driving and parking maneuvers. In order to measure the effective range of each
sensor, we set up a set of well textured foam-block dummy obstacles. As we ap-
proach these obstacles, we continuously measure the distance between them, and
the vehicle rear-axis. We note down at what distances the obstacles appear in the
occupancy grid map. Fig. 17 gives an overview of the setup for this experiment.
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Fig. 17: Evaluation procedure for the suitability of the occupancy grid map for navigation

The vehicle is driven straight through the gap between two foam-block obstacles,
forward and backwards. For evaluating sensor-range, we note down at what dis-
tance, d_x, the obstacles are visible in the grid map. Grid map precision is meas-
ured by comparing the distance, d_obstacle, between the foam-blocks as manually
determined using a tape measure, and as estimated via the occupancy grid map.
This comparison is performed for various distances between the foam block obsta-
cles, at fixed points after driving forward and backwards between them.

Precision

In V-Charge we aim to perform parking maneuvers with high precision, into narrow

parking spots. Similarly, we need to safely navigate narrow passages in a parking

lot. Precise obstacle information in the occupancy grid map is necessary to enable

such maneuvers. In this report, we will evaluate the metric performance of the grid
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representation, built on the basis of our sensor setup, regarding parking and navi-
gation.

For evaluating the precision of the occupancy grid map in the driving scenario, we
use a similar setup to the one shown in Fig. 17. The vehicle drives through the gap
between two well-textured foam blocks. The gap width is varied in a range from 2.4
meters (barely wider than the vehicle) and 6 meters. We read out the gap width as
estimated in the occupancy grid map and compare it to the known values.

For evaluating performance during a parking maneuver, we collect information
about the width of a parking spot, as shown by the grid map, at various fixed points
during a parking maneuver. This estimated width is then compared with ground
truth data that we manually measured for the parking spot, using a tape measure.
Cars will be parked on either side of the parking spot, providing obstacles that re-
strict the width of the free space. Fig. 18 gives an overview of this procedure.

The metric width of a real world parking spot is compared to the measured width
with the grid map during various phases of a parking maneuver. Phase A, att_A, is
defined as the point in the time when the vehicle’s front passes the entrance to the
parking spot, Phase B, att_B , when the vehicle vehicle’s rear has passed the sec-
ond obstacle, just bevor the reverse-parking maneuver is started. Phase C, att_C,
is defined as the point where the vehicle’s rear enters the parking spot (as indicated
by the yellow circle), Phase D, att_D, occurs when the vehicle comes to rest within
the parking spot.

All experiments were performed using the V-Charge car on the parking lot of our
research campus in Wolfsburg. The occupancy grid map was calculated onboard
the vehicle, satisfying the required output rate of ten samples per second and re-
ceiving live input from the sensors; the calculated maps were stored for later eval-
uation.
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Fig. 18: Evaluation procedure for parking spot width in the occupancy grid map

3.4.2 Results
The qualitative results for the completeness of the occupancy grid map in the eval-
uated scenarios are given in Tab. 5. The table shows types of obstacles we have
considered, shown in an example snapshot from the monocular vehicle cameras.
These obstacles occur in the parking lot of our research campus, but we have
aimed the selection to be representative of the wider categories of objects one
would expect to occur in parking lot settings.

Parking spots, both while driving and while parking form an important baseline
for the parking task. Later in this report, we will also investigate the perfor-
mance of our pipeline in estimating the width of parking lots.

The wooden fence and the earth wall represent the typical, repetitively/weakly
textured walls one might encounter in a parking garage or parking lot.

The wired fence is an especially difficult structure; it is barely visible in images.
Due to its small physical cross-section, it could be expected to be difficult to
detect for active (e.g. ultrasonic) sensors as well.

The gate arm also has a narrow cross section. Furthermore, it is not con-
nected to the ground plane, potentially posing a problem for sensors/algorithm
that work on that assumption.

The gate housing has proven to be surprisingly difficult to perceive as well,
probably due to its weak texture.
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e The cones and poles have a small horizontal cross section and relatively low
height, which would be expected to be difficult to detect.

e The ash tray has a weak texture, and might therefore be difficult to detect for
image-based sensors.

e The foam blocks, finally, serve as our reference — they should be easy to see
with all sensors.

For each sensor, we give our assessment of whether this obstacle was detectable,

based on a series of datasets collected in Spring 2015, as well as our own experi-
ence from numerous parking trials; we also look at how these obstacles were rep-
resented in the overall fused representation.

We assess the overall system to be able to detect most types of obstacles, as doc-
umented in Tab. 5. Exceptions are the arms of the parking lot gates, which are not
perceived by a single sensor — this makes it necessary to communicate the open-
ing/closing state of the gate arms to the vehicle from the parking lot server.

The repetitively/weakly textured obstacles pose little problems to the camera-based
sensors. The traffic cones pose a problem for the stereo cameras; they are appar-
ently too small to detect reliably with this sensor. The wire-link fence is only per-
ceived by the ultrasonic sensors.

For parking, the sensor fields of view and position is a deciding factor for their usa-
bility. Here, the surround-view based Dense Motion Stereo system proves invalua-
ble, providing excellent performance. The field of view of the front stereo camera is
too narrow to reliably allow looking into the parking spots while driving by them;
during the later parking stages, the front stereo camera does not provide any useful
information. While the field of view of the rear stereo camera is wider, it only pro-
vides reliable estimates at very close range. Similarly, the ultrasonic sensors work
very reliably, but are also limited by their range.

The range, at which obstacles appear for each sensor, and for the overall fused
representation, is shown in Tab. 6. As expected, front stereo is the only sensor we
can rely on for providing information regarding obstacles ahead of the vehicle; we
rely on this information for navigating the parking lot. For perceiving the immediate,
360 degree, surroundings of the vehicles, the other sensors are used. Ultrasonic
and Structure from Motion information can be used throughout the whole parking
maneuver, rear stereo is useful for the final phase of parking in.

The results for the precision of the occupancy grid map in the foam-block driving
scenario are shown in Tab. 7, and Tab. 8 shows the results for estimating the width
of the parking lot. The statistics for the parking maneuver were collected over ten
trials.

Both stereo sensors have relatively similar accuracy for grid estimation, in the range
of 11-21 centimeters. It is possible that a higher accuracy can be reached by the
stereo measurements themselves. For fusing their information in the occupancy
grid, the precision of the calibration, time synchronization and wheel-tick odometry
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are additional influences. The measurements provided by the ultrasonic sensor are
not accurate in the early stages of the parking maneuver. Overall though, the accu-
racy and precision of the ultrasonic sensors is excellent, for both the foam blocks
and for the later stages of the parking maneuver. Finally, Dense SfM shows medi-
ocre precision. Due to its indirect measurement principle, it is the sensor that is
most susceptible to calibration-, synchronization and pose-estimation errors.

Overall, we see that the proposed sensor setup does an adequate job of both per-
ceiving the different obstacle classes encountered a parking lot, as well as precisely
measuring their metric extents. We have combined a set of precise sensors, with
limited fields of view or range - stereo and ultrasonic - with the 360° surround view
Dense SfM. This gives us good metric performance while estimating the space be-
tween obstacles, and the extent of parking spots. At the same time, the sensor
setup completely covers the vehicle surroundings, enabling safe navigation of the
parking lot.
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Scenario, Sensor Stereo Stereo Dense Ultrsonic  Fused
Front Rear SfM Repr.

Parking Spots While

.. - - + - +

Driving

Parking Spots While
. - - + + +

Parking
Wooden Fence + + + + +
Wire Fence - - - + +
Earth Wall + + + - +
Horizontal Gate Arm - - - - -
Gate Housing + + + + +
Poles + + + - +
Cones - - + + +
Ashtray + + + + +

Foam Block
+ + + + +

Tab. 5: Qualitative evaluation of the completeness of the occupancy grid map with regard to various
obstacle types
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Distance (m), Stereo Front Stereo Rear Dense Ultrasonic Fused Repr.
25 - - - - -
20 - - - - -
15 yes - - - yes
10 yes - yes - yes
7.5 yes - yes - yes
5 yes - yes yes yes
4 - - yes yes yes
3 - - yes yes yes
2 - - yes yes yes
1 - - yes yes yes
0 - - yes yes yes
-1 - yes yes yes yes
-2 - yes yes yes yes
-3 - yes yes yes yes
-4 - yes yes - yes
-5 - yes - - yes
-7.5 - - - - -
-10 - - - - -

Tab. 6: Availability of obstacle information at various ranges, for each sensor

Error / Stereo Front Stereo Rear Dense SfM Ultrasonic Fused Repr.
Eliztk(m) Fwd Bwd Fwd Bwd Fwd Bwd Fwd Bwd Fwd Bwd
24 0.04 01 0.1 0.1 0.26 0.18 0.06 0.05 0.01 0.11
2.7 0.14 0.13 0.16 0.08 0.17 0.19 0.04 0.0 0.03 0.14
3 0.06 0.17 0.13 0.08 0.04 0.26 0.03 0.01 0.03 0.24
3.3 0.13 0.09 0.16 0.11 0.10 0.2 0.02 -0.09 0.1 0.12
3.6 0.07 0.14 0.12 0.16 0.32 0.37 -0.02 0.04 0.05 0.15
3.9 0.06 0.08 0.15 0.13 0.29 0.29 -0.02 -0.02 0.12 0.10
4.2 0.06 n/a 0.11 0.13 0.35 0.38 -0.03 0.02 0.05 0.34
4.5 0.14 nla 0.1 0.1 0.34 0.26 -0.01 -0.02 0.15 0.29
4.8 0.14 nla 0.2 0.06 0.38 0.31 0.04 0.03 0.23 0.23
5.1 0.17 nla 0.23 0.1 0.5 0.37 0.01 0.0 0.18 0.35
5.4 0.16 nl/a 0.15 0.0 0.26 0.34 -0.01 0.0 0.19 0.33
5.7 0.13 nl/a 0.02 -0.2 0.24 0.36 -0.04 -0.04 0.23 0.35
6.0 0.18 nl/a -0.03 -0.03 0.49 0.3 n/a n/a 0.25 0.36
RMSE 0.12 0.12 0.14 0.11 0.32 0.3 0.03 0.04 0.15 0.26
Tab. 7: Errors for the distance estimated between foam blocks in the occupancy grid, all units are me-
ters
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Mean Error (m) Stereo Front Stereo Rear Dense StM Ultrasonic Fused Repr.
(Std. Dev. (m))

/ Phase

Phase A -0.10(0.21) n/a -0.05(0.10) n/a 0.01(0.20)
Phase B -0.10(0.21) n/a 0.09(0.05) 0.66(0.19) 0.12(0.05)
Phase C -0.10(0.21) -0.13(0.07) 0.08(0.06) 0.24(0.09) 0.21(0.09)
Phase D -0.10(0.21) -0.12(0.07) 0.05(0.15) 0.07(0.03) 0.08(0.03)

Tab. 8: Mean error and standard deviation for the parking spot width estimated in the occupancy grid

4 Perception in Dynamic Environment

Beside static obstacle detection, moving objects need to be detected, classified and
tracked through onboard sensors, in order to react properly in a dynamic environ-
ment. All modules included in the topic of dynamic environment perception are sum-
marized in Fig. 19 and five modules here are evaluated.

/ Stereo-Cameras

Front

—

\

&

o 4
Py Parking-Spot Refinement

Fig. 19: Overview of modules in Perception in Dynamic Environment

4.1 Object Tracking

VW

Stereo

S
<
s Object Tracking Hypothesis

Classification

Vehicles &
Pedestrians

To allow planning in mixed traffic scenarios, we have to gather information about
other traffic participants, such as pedestrians or vehicles. The stereo camera pro-
vides the primary sensor input for detecting these traffic participants. For this pur-
pose, the stereo segments provided by the camera (see Chapter 3.1) are clustered
into objects, according to proximity. Objects are associated between samples using
a metric nearest neighbor search. We implement a classic predict-measure-update
cycle (c.f. [5]) for object tracking. An Extended Kalman Filter is used to estimate the
parameters of the objects.
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VRE,

Fig. 20: The parameters x, y, v, and v,,and their covariance are estimated in the Vehicle Reference
Frame (VRF). This reference frame is attached to the center of the vehicle rear axis of the V-Charge
vehicle. Object estimation is performed in a 2D setting, no Z, roll or pitch coordinates are estimated.
Length and width of the target vehicle, I, w, are estimated in the target reference frame (TRF, shown in
green).

Both vehicles and pedestrians are modeled using the same set of parameters.
These parameters are defined in the vehicle reference frame (VRF), as shown in
Figure 20. For objects that currently move at low velocities and for objects that have
just been initialized, the parameter vector, x, is given as,

where x and y represent the object position in the VRF, v, and v, represent the

velocity in the VRF, [ and w represent the length and width of the target vehicle. A
full covariance matrix is used to represent the uncertainties of these parameters.
The orientation of the tracked object in the VRF, 8, is estimated separately in an
additional one-dimensional Kalman Filter, based on the orientation of the stereo
segment clusters. Since measurements of this rotation can be very unreliable, it is
not used in the prediction step of the EKF.

By itself, the object tracking pipeline does not distinguish between different object
classes. All objects clustered from the stereo measurements are treated equal. In
order to obtain a class label for an object the predicted object position in the VRF
is passed on to the classification pipeline (see Chapter 4.2). This pipeline returns a
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label for the objects based on their image appearance in the monocular fisheye
camera images. The class information is used by the local planner in order to react
correctly to the given traffic situation. Tracked objects are handed over to the plan-
ning pipeline if they have been tracked for some minimum amount of time, if their
estimated parameter variances are low and if they have been successfully classi-
fied.

We have performed experiments in order to determine the metric accuracy and
precision of the parameters estimated for the tracked objects. We use two Inertial
Navigation Systems (INS), coupled to Differential GPS, to provide ground truth data
for these experiments. An INS is mounted on both the V-Charge vehicle, as well as
a target passenger car. Both vehicles are driven manually, and the target car was
tracked on board the V-Charge vehicle using our object tracking system. For each
time step, the INS measurements — made in an arbitrary global frame — are trans-
formed to provide the pose of the target vehicle relative to the V-Charge vehicle;
these reference measurements are compared to the output provided by the object
tracker.

Parame- Min. Max. Median Mean Std.

ter Error Error Error Error Error
x 0.22 5.66 1.19 1.62 1.33 (m)
y -0.02 0.11 0.04 0.03 0.04 (m)
Uy -1.85 -0.14 -0.93 -0.91 0.4 (m/s)
v, -0.28 -0.12 -0.2 0.2 0.04 (m/s)
w 0.02 0.1 0.08 0.08 0.02 (m)

Tab. 9: Errors of the estimated parameters as measured in our experiments. All results are in meters

The results we have obtained for the parameters x, y, v, and v, using this method,
are shown in Table 9. Note that the parameters are given in the Vehicle Reference
Frame, errors in x, v, correspond to longitudinal deviations with respect to the V-
Charge vehicle, errors in y, v, to lateral deviations.

At this point, the difficulty of using two separate INS / Differential GPS systems
should be noted. Calibration of both reference systems and the object sensors on
vehicles, using different sources for GPS correction data, as well as latencies be-
tween the GPS and the remaining system introduce additional errors into these
measurements. The above numbers can therefore be taken only as a rough indica-
tor of general system behavior. The evaluation of the metric accuracy of the stereo
camera itself, as shown in chapter 3.1, can be used as an alternative source for the
supposed metric accuracy. More work on the evaluation methodology for the object
tracking pipeline could be beneficial.
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Nonetheless, we can glean some observations from the performed experiments.

As can be seen from Table 1, the longitudinal (x, v,) estimates have a much worse
error than the lateral (y, v,) estimates. This is a characteristic of the stereo camera
that we used as the primary sensor for providing metric object pose estimates —
which has a high angular resolution but is prone to errors in measuring distance.
The system also relies on the assumption that the world beneath the vehicle is flat;
this is one possible source for the bias (non-zero mean value) that we see in the
measurements. Furthermore, the results are skewed to be less accurate as the
distance between the vehicles increases. The longitudinal estimates also suffer
from bad outlier at large distances, which skew the results. The lateral estimates
are surprisingly accurate; they are well within the range necessary in order to un-
ambiguously assign a tracked object to a lane.

Similar to the lateral position and velocity estimates, the width of the target vehicle
is also estimated with a small error. Due to the nature of the scenario — following
another vehicle — we are unable to get reliable observations of the target vehicle’s
length.

Even though the above experiments show biased errors, in practice, the system
provides adequate performance for enabling automated driving in the presence of
other traffic participants. As we have seen in several live vehicle demonstrations,
we are able to engage in stop-and-go driving behind another vehicle or a pedes-
trian, overtake static vehicles, and stop before crossing pedestrians. Perhaps, the
metric accuracy of the estimated parameters does not prove to be critical for the
types of scenarios we participate in. For example, we are able to smoothly follow
another car, even though we have biased estimates for longitudinal positions and
velocities.

4.2 Stereo Hypothesis Classification
Pietro Versari, Parma

We developed and integrated a system that is able to distinguish between static
and dynamic obstacles. In order to achieve this capability we chose to classify ob-
ject hypothesis obtained by a clustering step of stereo stixels.

This module re-projects obstacles onto a virtual plane in order to obtain a region of
interest, which is used by a classifier to validate or reject the hypothesis. More de-
tails on this system are described in a scientific paper [6].

To be able to make meaningful statements about the accuracy of this system we
evaluated the classifier performance on commonly used automotive data-sets. It is
important to note the following results are obtained without tracking nor exploiting
the stereo information: for this reason they have to be intended as lower bound.
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The classifier performance is described using different metrics: in the first two plots
we use the precision/recall metric, where precision is the fraction of retrieved in-
stances that are relevant, while recall is the fraction of relevant instances that are
retrieved (Fig. 21). The plot on the left is related to the vehicle classifier while on

the right to the pedestrian classifier.

Vehicle (left) and pedestrian (right) classifier evaluation: precision/recall metric
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Fig. 21: Classifier performance — Precision vs Recall

The second metric used is the miss-rate metric (Fig. 22): as before the plot on the
left is related to the vehicle classifier while on the right to the pedestrian classifier.
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Vehicle (left) and pedestrian (right) classifier evaluation: miss-rate metric
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Fig. 22: Classifier performance — Miss-Rate vs False-Positive-Per-Image (FPPI)

The presented results are in line with the state-of-the-art.

As part of the final demonstration preparation many systems have been tested for
a long time, in order to reach the reliability needed by public demonstrations; the
scenarios where this system is involved have been tested with a success rate
higher than 95%.
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4.3 Mono Object Detection by Classification
Pietro Versari, Parma

We developed and integrated a system that is able to detect and track both
pedestrian and vehicle all around the car. Three main steps are performed:

¢ Image un-warping: the fisheye images are un-warped in order to both
correct the lens distortion and obtain a wide-angle view without strong
aberrations.

e Classification: a Soft-Cascade+ACF classifier is run on each camera image to
detect vehicles and pedestrians on all the surrounding space.

e Multi-camera tracking: in order to perform the 360° tracking, firstly an inter-
camera association algorithm is performed then, an Unscented Kalman Filter is
used to exploit those information to track and generate an all-around
description, as an unique high-level sensor with 360° field of view

More details on this system are described in the scientific paper [7].

Since there aren't suitable public data-sets with fish-eye cameras in a similar
configuration, we analyzed how the cylindrical model impacts on classifier
performance. In [7] is presented a theoretical analysis and following are presented
the results; the results related to the cylindrical model have been obtained by
warping the original pinhole image using its intrinsic parameters (Tab. 10). The
dataset used for this comparison is KITTI Vision Benchmark.

Cam‘?fa mpdel / . True True False False Correct .
classifier dimension / . . ) . : Difference
class Positive | Negative | Negative | positive Detection
Pinhole / 32x64 / 125743
pedestrian 2521 123222 4272 2 (96.7127%)
0.0023%
Cylindrical / 32x64 / 125746
pedestrian 2524 123222 4269 2 (96.7150%)
Pinhole / 48x96 / 65892
pedestrian 1142 64750 1266 0 (98.1148%)
-0.0104%
Cylindrical / 48x96 / 65885
pedestrian 1135 64750 1273 0 (98.1044%)
Pinhole / 44x44 | 47906
vehicle 524 47382 10214 0 (82.4260%)
0.0636%
Cylindrical / 44x44 | 47869
. 487 47382 10251
vehicle 8 38 025 0 (82.3623%)

Tab. 10: Classification performance on pinhole / cylindrical images
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The results obtained with these two camera models are extremely similar: the
cylindrical model low impacts on classifier performance allows us to assume the
classifier precision presented for the “stereo hypothesis classification” module do not
decrease.

The developed algorithm exploits the system characteristics — like cameras
overlapping field-of-view — and tracks obstacles over the time: these techniques
increase the reliability, the accuracy and the performance of the whole system. We
evaluated the number of correct detection and the false detection on different
sequences obtaining the following results (Tab. 11).

Correct detections False detections
Pedestrian 1179 (95.9%) 51 (4.1%)
Vehicle 2920 (98.1%) 57 (1.9%)

Tab. 11: Classification performance of overall pipeline (Distortion Compensation, Classification, Multi-
Camera Association, Tracking)

4.4 Dynamic Object Detection at Intersections
Pietro Versari, Parma

To perform the intersection scenario, the vehicle has to detect all dynamic objects
in the scene with a particularly high reliability due to the high relative speeds.

For this scenario we specifically developed and integrated an algorithm exploiting
its characteristic: while the vehicle is standing all the moving features in the scene
are related only to dynamic obstacles. To detect these obstacles the features are
clustered, then each cluster is grouped with its neighbors and tracked over the time;
subsequently the three different point of views (left, front and right cameras) are
exploited to increase both the accuracy and reliability.

Fig. 23: Dynamic Object Detection at Intersections

The working principle is shown in Fig. 23. The first row of images show the different
point of views and the features clustered, meanwhile the bottom image shows the
3D obstacle detected.
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As part of the final demonstration preparation many systems have been tested for
a long time, in order to reach the reliability needed by public demonstrations. For
this specific scenario more than 15 GB of data have been analyzed counting the
number of events with correct detection, miss-detection and false detection, obtain-
ing the following results (Tab. 12).

Wrongly

Dynamic Obj.  Detected Not Detected  Detected
Near lane 18 17 (94.4%) 1 (5.5%) 0
Far lane 20 20 (100%) 0 0

Tab. 12: Detection performance at intersections

4.5 Parking Spot Refinement
Pietro Versari, Parma

Errors in vehicle position estimation impacts the parking maneuver accurateness.
We developed and integrated two different algorithms to update and refine the tar-
get parking spot information, to mitigate the impact of the vehicle positioning error
on the parking maneuver.

Two different algorithms have been implemented to manage different types of park-
ing spot: the first one is able to detect “tile grid” parking spots as shown in Fig. 25,
meanwhile the second one works with “white stripes” bounded parking spot de-
picted in Fig. 24.

The evaluation was done by measuring the angle between the parking spot and the
vehicle, and comparing it with the angle obtained by the algorithms.

The “tile grid” parking spot algorithm gets an average error of 0.11° with 0.78° max-
imum error. The “white stripes” parking spot algorithm gets an average error of
0.54° with 0.94° maximum error.

Fig. 25: Algorithm for ,,Tile Grid“ parking spots

Fig. 24: Algorithm for parking spots with ,,White Stripes*
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5 Analysis of Problems during Test Drives

In the past, a lot of test drives have been done with the test vehicles and some
problems have been observed. Problems appearing in vehicle behavior (unex-
pected or “strange” behavior) need to be analyzed by tracing back on the module
chain in the system. In this section, the “cross-module” analysis for some issues
observed during test drives are introduced.

5.1 Problem at ACC Scenario
In the ACC scenario, the ego vehicle is required to follow a leading vehicle. In order
to realize this behavior, the perception pipelines need to provide a correct classifi-
cation of the leading vehicle as a “vehicle”.

However, the ego vehicle sometimes showed maneuvering behavior (tried to over-
take the leading vehicle) during test drives. The problem was analyzed on the side
of the on-lane motion planner in WP4 (refer to D4.4) first of all. The analysis showed
that the leading vehicle was not classified as a “vehicle” correctly but partially de-
tected as static obstacles. A part of the leading vehicle stays as static obstacles on
the grid map (Fig. 26). That’s why the ego vehicle tried to avoid the leading vehicle
which partially appears on the grid map as a static obstacle.

Fig. 26: Unexpected maneuvering at ACC scenario

The reason why the leading vehicle was not classified as a “vehicle” correctly was
analyzed in WP3 perception pipeline. After tracing back outputs from different mod-
ules on the perception pipeline, it was found that the stereo segments (output from
the stereo camera) in the middle of the leading car were missing (Fig. 27). In this
case, the leading vehicle is not classified as a “vehicle”, but two separate static
obstacles. An example of the stereo segments output which results in a correct
behavior (to follow the leading vehicle) in the ACC scenario is shown in Fig. 28.
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Fig. 28: Stereo segments resulting in a ,,correct behavior in the ACC scenario

There are several reasons why stereo processing pipeline could behave like this.
First of all, cars in general have a lot of non-structured surfaces at the rear but the
stereo measuring principle needs structures. Second point is that the leading vehi-
cle was dark gray. Such dark body colors might have a problem to distinguish car
bodies from dark asphalt ground especially in dark light condition. Finally, a proto-
type camera installed here might have impact from the weather conditions and mud
on the windshield.

There was a countermeasure implemented in the module of “Object Tracking” by
VW for such cases: if there is an unclassified object next to an object classified as
“vehicle” and the outer edges of the objects would create an object with the width
of a car, then the unknown object is also classified as a “vehicle”. This counter-
measure solved about 80% of the described problems. As a further countermeas-
ure to make sure that the system works 100% correctly in the ACC scenario, a dark
colored vehicle is avoided as a leading vehicle in demonstrations.

6 Conclusion

This deliverable has reported on the final integration status and results of perfor-
mance evaluation for all components involved in the work package 3.

All necessary components required to realize targeted use-cases have been inte-
grated successfully as shown in Section 1.

Performance of components have been evaluated and the results are described in
Section 2 — 4. Outputs from the perception pipelines (localization, grid map and
dynamic object list) are provided to the navigation modules in WP4 and test vehicles
have behaved as designed in targeted use-cases.
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All'in all, research and integration works in WP3 have been successful during the
project V-Charge and the targeted use-cases have been realized based on the out-
puts from the WP3 pipelines, which resulted in successful final demonstration in
Wolfsburg and press demonstrations in Amsterdam.
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Real-Time Direct Dense Matching on Fisheye Images
Using Plane-Sweeping Stereo
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Abstract

In this paper, we propose an adaptation of camera pro-
Jection models for fisheye cameras into the plane-sweeping
stereo matching algorithm. This adaptation allows us to do
plane-sweeping stereo directly on fisheye images. Our ap-
proach also works for other non-pinhole cameras such as
omnidirectional and catadioptric cameras when using the
unified projection model. Despite the simplicity of our pro-
posed approach, we are able to obtain full, good quality
and high resolution depth maps from the fisheye images. To
verify our approach, we show experimental results based on
depth maps generated by our approach, and dense models
produced from these depth maps.

1. Introduction

A camera is a low-cost and information-rich sensor that
is suitable for many robotics applications such as obstacle
detection and motion estimation. In these applications, a
fisheye camera prevails over the conventional camera be-
cause it has a wider field-of-view that offers more coverage
of the environment. Examples of successful use of fisheye
cameras for robotics applications are Zingg et. al [25] and
Lee et. al [14, 15], where fisheye cameras are used to per-
form optical flow for obstacle detection on a Micro-Aerial
Vehicle (MAV) and motion estimation on a self-driving car.
In these works, additional coverage provided by the fisheye
cameras proved to be critical for the MAVs to gain max-
imum information of its surrounding for safe navigation,
and increases the number of feature correspondences which
improves motion estimation for the car. The use of fish-
eye cameras is not only limited to robotics applications. In
recent years, we have seen an increasing number of mass-
market cars such as the Nissan Qashqai and Honda Odyssey
that are equipped with multiple fisheye cameras to provide
drivers with a surround view for parking assistance. An-
other recent application of fisheye cameras is on hand-held
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mobile devices'.

As compared to robotics and driving assistance applica-
tions, the use of fisheye cameras is limited in dense map-
ping applications probably due to the difficulty in handling
the large distortion inherent in fisheye images for dense
matching. Existing works in dense mapping such as the
Urbanscape project [17] use multiple pinhole cameras to
maximize coverage. The advantages of fisheye cameras for
robotics applications, the convenience from the availability
of these cameras on mass-market cars and the limited usage
of fisheye cameras for dense mapping due to the large dis-
tortions motivate us to work on a simple yet effective model
to produce depth maps from direct dense matching on fish-
eye images. We show that depth maps can be directly ob-
tained from the fisheye camera by a simple adaptation of
suitable fisheye camera models into the widely used plane-
sweeping algorithm [4, 6]. The only requirement we need
for the fisheye model is that both projection and unprojec-
tion can be done efficiently. In this work we use two differ-
ent camera models, the unified projection model [8, 2, 16]
and the field-of-view (FOV) model [5].

We choose to do plane-sweeping for dense matching be-
cause, in comparison to the rectification approach [18], the
plane-sweeping approach can be done on more than two im-
ages. In addition, the plane-sweeping approach is particu-
larly well-suited to Graphics Processing Unit (GPU) imple-
mentations for achieving real-time performance. We show
experimentally that the alternative approach that first con-
verts the fisheye images into pinhole images followed by
plane-sweeping leads to a significant reduction in the cov-
erage area. Our approach is only slightly slower than the
standard plane sweep method, which uses planar homogra-
phies on the pinhole model, and thus still runs in real-time
on a desktop computer. For mobile devices, high perfor-
mance mobile GPUs have been released recently, for exam-
ple the NVIDIA Tegra K1. Using devices equipped with
such GPUs, there is a potential to reach interactive frame
rates on mobile devices. Most importantly, we show that
despite the simplicity of our proposed approach, we are able
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to obtain full, good quality and high resolution depth maps
from the fisheye images in arbitrary camera configurations
without the need of prior rectification. It should be noted
that the unified projection model [8, 2, 16], which we use
for our approach also works for other non-pinhole cameras
such as omnidirectional and catadioptric cameras.

In contrast to the existing works mentioned earlier in
MAV navigation, motion estimation and sparse mapping for
self-driving cars, which leveraged only sparse features from
the fisheye images, our depth maps computed directly from
the fisheye images provide more comprehensive informa-
tion about the surrounding while retaining the advantages
of fisheye cameras. We further demonstrate the potential
of our approach by using the depth maps computed directly
from the fisheye images to build dense maps of the envi-
ronment. In comparison to the dense model built from the
depth maps computed by the plane-sweeping algorithm on
pinhole images [6] in the Urbanscape project [17], the dense
model built from the depth maps which are computed di-
rectly from the fisheye images in our approach are shown
to cover a larger part of the scene with fewer images and
similar runtime performance.

1.1. Related Work

Rectified two-view and multi-view stereo matching are
well established algorithms in computer vision. The main
difference between these two methods is that the former
works on only two rectified images which simplifies im-
age matching along the aligned epiploar lines on the recti-
fied images, while the latter works for any number of im-
ages. More details of the rectified two-view stereo can be
found in [18]. In cases with more than two images, im-
age matching along aligned epipolar lines is possible only
in some special camera configurations. In addition, rectifi-
cation fails when the epipoles fall within or too close to the
borders of the images and this problem is exacerbated when
wide field-of-view images are used as it is more probable
that the motion direction lies inside the image boundaries.
To overcome these problems, the plane-sweeping algorithm
was introduced in [4]. This approach allows direct match-
ing on multiple images without the need for rectification.
Gallup et. al [6] showed that the quality of the depth maps
is improved by aligning the sweeping plane with the pre-
dominant orientations of the scene. In addition to the ease
of matching images taken from arbitrary configurations, the
plane-sweeping algorithm has the advantage of real-time
performance which can be achieved by utilizing the textur-
ing capabilities of GPUs [22, 6]. With such high perfor-
mance stereo matching algorithms, dense reconstruction of
whole cities becomes feasible [17].

While most of the works on stereo matching made use
of pinhole images, limited works are shown on non-pinhole
images such as omnidirectional, catadioptric or fisheye

cameras. In [12, 24], Ishiguro et. al and Zhu et. al showed
the first approaches on omnidirectional stereo vision that
created a horizontal 360° panorama stereo pair by rotating
a camera around a center point. In a later work [9], multiple
catadioptric cameras were used to produce similar horizon-
tal omnidirectional stereo pairs. These approaches, how-
ever, share the limitation that the field-of-view is large in
only one direction. Catadioptric and fisheye cameras are
able to capture images with an opening angle of 180° and
beyond. One straightforward way to match the whole field-
of-view of omnidirectional images would be to extract a set
of pinhole images that cover the whole field of view. How-
ever, this leads to a significant increase in running time as
many more images have to be matched. For specific tasks
such as obstacle detection in automotive applications, [7]
proposed to extract multiple pinhole images out of a sin-
gle omnidirectional image for dense stereo matching only
in important directions for obstacle detection. In [1], Abra-
ham et. al proposed an approach that rectifies fisheye im-
ages and preserves most of the field-of-view. However, such
approaches do not generalize to arbitrary camera configura-
tions.

2. Stereo Matching on Fisheye Images

In this section, we first introduce the generic notation for
the camera projections that are suitable for our method. The
details for the specific models can be found in [8, 2, 16] for
the unified projection model and in [5] for the FOV model.
Next, we describe in detail how the fisheye projection model
is adapted into the plane-sweeping stereo matching algo-
rithm.

2.1. Camera Projection Model

The camera projection model describes how a point is
mapped to the image plane and its inverse function com-
putes the corresponding ray in 3D space for a given image
pixel. For our application, it is important that both of the
functions can be evaluated efficiently.

Given a 3D point X = [X,, X,, X.]" in the camera
frame Fc, the function x,, = h(&, X) maps the 3D point
X to an undistorted image point x on the normalized image
plane. ¢ is a single scalar parameter that models the fish-
eye lens. Imperfections of the camera lens cause additional
radial and tangential distortions to the image. This trans-
forms the normalized undistorted image coordinate x to the
normalized distorted image coordinate x” according to the
plumb blob model [3], which we denote as x’ = D(x). Ap-
plying the camera projection matrix K on x’, we get the
image coordinate (Z’,¢’) that we observed from an image
captured with the fisheye camera. The intrinsic parameters
¢ = [5, k’l, k’g, k’g, k’47 k’57 fz7 fy, Cx, Cy] are ob-
tained from the camera calibration. [kq, ko, k3, ks, ks
and [f;, fy, Cz, C,] are from the distortion model and



camera projection matrix respectively. We denote the un-
projection, which maps a point x on the undistorted image
plane to aray by X = A~ 1(£,x).

The details of the individual camera models can be found
in [16] and [5] for the unified projection model and the FOV
model, respectively. For our work the important nature of
these two camera models is that both the projection / and
unprojection 7~ * can be stated in closed form and hence be
computed efficiently on the GPU. This is important as on
the GPU a look up table is slower than the direct computa-
tion.

2.2. Plane-Sweeping for Fisheye Images

Plane-sweeping stereo matching [4] allows for dense
stereo matching between multiple images without prior
stereo rectification. Existing implementations such as [0]
work for cameras that follow the standard pinhole model.
We propose to extend the plane-sweeping stereo matching
for fisheye cameras by incorporating the fisheye projection
model directly into the plane-sweeping stereo matching al-
gorithm. We closely follow [6] in the description of our
algorithm.

The inputs to our plane-sweeping algorithm for fish-
eye cameras are a set of fisheye images, 7' =
{Iy,---,1I/,--- , Iy}, and the camera parameters, P =
{Py, -, Py, -+, Py} associated with the respective im-
ages. Each camera parameter P, = {¢,,, R, C,,} is made
up of the camera intrinsics ¢,, and pose [R,,, C,]. To keep
our plane-sweeping algorithm for fisheye cameras simple
and avoid a costly look up table on the GPU, we do a
pre-processing step to remove the tangential and radial dis-
tortions from the fisheye images. Each pixel [Z,7, 1] on

the set of undistorted images Z = {I,--- , I, -, In} is
mapped onto Z’ by
[#,9",1]" =KD (K~'[z,5,1]") M

This allows us to efficiently do a look-up for the correspond-
ing pixel [#’,%',1]T in the fisheye image for each pixel
[#,7,1]7 in the undistorted image Z.

Let us choose I, € 7 as a reference view for the com-
putation of a depth map. Additionally, we define a set
of plane hypotheses IT = {II;,--- ,IL,, - ,II5/}. The
main idea of the plane-sweeping algorithm is to use these
planes II as the hypothetical local reconstructions of the
scene, where we choose the best plane for each pixel by
evaluating an image dissimilarity measure. Each plane hy-
pothesis is defined as I1,,, = [nl | d,,,], where n,, is the unit
length normal vector of the plane pointing towards the cam-
era center and d,, the distance of the plane to the camera
center. To evaluate a plane hypothesis I1,,, the pixels of the
image I,, are mapped onto the reference view by projecting
the image I,, onto plane II,, followed by rendering it onto
the reference view P,.t, we call this I,rffn. In projective

geometry, such a planar mapping is described by a homog-
raphy. Using the fisheye projection model described in the
previous section, the mapping that directly uses the pixels
[Z1, T, 1]T from the undistorted fisheye image is given by

1
H;eﬁn:RZRrCf+d—(R§C —RIC,er)n?
Zns Gy 1] = Ko A(H A (Kot [Fret, Grer, 1]7)) (2)

We now warp image I,, to an image Ifffn with Equa-
tion 2, which we compare against the reference image [;s.
In particular, the image dissimilarity is evaluated between
all the warped [, fffn and reference I,..; image, Vn # ref and
for all planes IT = {IIy,--- ,IL,, - - ,II5/}. In our ex-
periments, we use the negative zero mean normalized cross
correlation (ZNCC) over a correlation window W for the
evaluation of image dissimilarity (see Equation 3).

Evaluating the ZNCC matching scores can be done in
constant time independent of the window size by using in-
tegral images [21]. As memory access on GPUs is often
slower than computing the required values, Stam [19] pro-
poses the use of a box filter which maintains a running sum
in the vertical direction and sums up the horizontal direction
by summing up the values in shared memory. We utilize a
sequence of five times box filtering to compute the ZNCC
scores according to [21] leading to a running time that in-
creases linearly with the matching window width.

2.3. Cost Aggregation

We use the aggregated cost D¢ (%, 7) in cases where
more than one image gets matched to the reference image.
There are different options to compute the aggregated cost,
with the choice of taking occlusions into account [13]. For
this work we used two of them:

1. All matching costs are averaged. For example, with
2k images, k images before and k after the reference

image,
n ref+k
rcf rcf ~
Dm T,y 2k Z n,m T y n 7é Tef (4)
n=ref—k

2. Average cost from best half of the sequence. This as-
sumes that the images are taken in a sequence with a
predominant motion direction. First, we take the aver-
age cost over the half sequences on both sides of the
reference view. Next, the final matching cost is the
minimum of the two averages.

n=ref—1
1
Dl (E, ) = - min > Dt 9),
n=ref—k
n=ref+k
> D@D} ©
n=ref+1
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This option handles occlusion with the assumption that
each half of the sequence sees a different view of the
occlusion.

2.4. Depth Extraction and Sub-Pixel Interpolation

We adopt the winner-takes-all strategy to decide the final
depth value for fast processing. In particular, the plane II,,
with the lowest aggregated matching cost for each pixel in
the reference view is chosen.

(i, §) = argmin D} (i, §) ©)

m

Finally, the final depth Z is computed as

Zn(#,7) = —dum (0517 (K37, 5.07) 7 ()

with the fisheye model taken into account.

Depths are extracted at discrete plane positions using
Equation 7 and this leads to non-smooth surfaces. We cir-
cumvent this problem with sub-pixel interpolation [20]. The
idea is to look at the matching scores of the neighboring
planes, fit an interpolation function through the matching
scores and extract the depth at the extremal point of the in-
terpolated matching cost. We fit a parabola using the scores
of the two neighboring planes in our implementation.

3. Experimental Evaluation
3.1. Camera Setups

We use three different camera setups to experimentally
validate the dense matching on fisheye images. The first
camera setup consists of four CCD cameras with fisheye
lenses that each capture a 185° field-of-view. These cam-
eras provide 1280x800 images at 12.5 Hz, and are inte-
grated into a Volkswagen Golf car in such a way that the
camera setup provides a surround view with a minimal over-
lapping field of view between any two cameras. Similarly,
the second camera setup comprises four CMOS cameras
with 185° fisheye lenses. These cameras provide 754 x480
images at 15 Hz, and are installed on an AscTec Firefly
hexacopter. The first and second cameras are arranged in
a forward-looking stereo configuration while the third and
fourth cameras are arranged in a rear-looking stereo config-
uration. The third camera setup consists of a single fisheye

lens which is installed on a mobile hand-held platform. For
all camera setups, the cameras are hardware-synchronized.
Where necessary, we use SLAM-based calibration to obtain
both the camera intrinsics and extrinsics [11, 10].

The camera poses that are given to our plane-sweeping
algorithm are computed using visual odometry combined
with wheel odometry and inertial meaturements where
available.

3.2. Run-Time Performance

In this section, we evaluate the performance of the fish-
eye plane sweep. We implemented both the standard pin-
hole plane sweep and our proposed fisheye extension us-
ing Nvidia CUDA. Our test platform is equipped with a
GeForce GTX 680 GPU with 4GB of memory.

For all the experiments, we precomputed the poses and
stored them to disk as a preprocessing step. In the actual ex-
periment, we load the poses and the images from disk. As
for many applications, the images do not need to be loaded
from disk because they are directly captured by a camera.
Hence, we do not include in our measurements the time
spent on loading the images from disk. The reported times
include the time to upload the images to the GPU, undistort
them or extract pinhole images respectively, run the plane
sweep, and download the depth map. As our images are
taken in sequence, we only upload each image to the GPU
once, and use the same image to compute multiple depth
maps.

In the first experiment, we use images taken in a se-
quence from a moving car. The native resolution of the
images is 1280 x 800. In the process of undistortion or pin-
hole image extraction, we downsample them by half such
that we obtain an image resolution of 640 x 400. We match
two consecutive images using 64 planes, ZNCC matching
scores, no occlusion handling, and subpixel interpolation.
Some example depth maps and the running times are shown
in Fig. 1. For a 9 x 9 ZNCC matching window, the fish-
eye and pinhole versions generate depth maps at 59.8 Hz
and 65.1 Hz respectively. The fisheye version has a 8.96%
longer running time but we obtain depth maps that cover the
entire field of view of the camera.

In the next experiment, we measure the performance
using half-sequence occlusion handling. Again, we use
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Figure 1. First row (from left to right): An input image, example
pinhole and fisheye depth maps with 9 x 9 ZNCC for the two-view
and three-view case. Second row (from left to right): Running
times for the two-view and three-view cases averaged over 1667
and 1666 depth maps respectively.

the half-resolution images with 64 planes, ZNCC matching
scores, and subpixel interpolation. We match three images,
choose the middle image as the reference image, and do
half-sequence occlusion handling. The results can be seen
in Fig. 1. For a 9 x 9 window, the fisheye and pinhole
versions generate depth maps at 32.0 Hz and 34.6 Hz re-
spectively. The fisheye version has a 8.15% longer running
time.

We also use images from a MAV. The native resolution
of the images is 754 x 480. We undistort the images or ex-
tract pinhole images with the same resolution. Each pair of
cameras is set up in a stereo configuration. For each stereo
camera, we use two images captured at the same time and
match them. We use 96 planes, ZNCC matching scores, no
occlusion handling, and subpixel interpolation. An example
image and depth maps can be seen in Fig. 2. We notice that
some noise in the depth map occurs due to some parts of the
MAV being visible in the images. With a 9 x 9 ZNCC win-
dow, depth maps are generated at 37.8 Hz and 34.4 Hz for
the pinhole and fisheye versions respectively. In this case,
the running time for the fisheye version is longer by 9.8%.

In the last experiment, we use two stereo image pairs
captured consecutively. Again, we use the full 754 x 480
resolution with 96 planes. We use ZNCC matching scores,
no occlusion handling, and subpixel interpolation. Example
depth maps and a plot of time measurements can be found
in Fig 2. The performance for a 9 x 9 ZNCC window is
16.3 Hz for the pinhole version and 14.8 Hz for the fisheye
version. Here, the running time for the fisheye version is
longer by 9.9%.

All our measurements show that the increase in running
time from using our proposed plane sweep with the unified
projection model on fish eye images is below 10%. How-
ever, from running one plane sweep, we obtain a depth map
that covers the entire field of view of the fisheye camera,
and this advantage far outweighs the performance penalty.
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Figure 2. First row (from left to right): An input image, example
pinhole and fisheye depth maps with 9x9 ZNCC for the two-view
and four-view case. Second row (from left to right) Running times
for the two-view and four-view cases averaged over 569 depth
maps.

3.3. Coverage

Figure 3. Coverage comparison of locally fused and filtered pin-
hole depth maps and fisheye depth maps. The first and second
rows correspond to the pinhole and fisheye images respectively.
The three columns show example input images, depth maps, and
coverage images. In each coverage image, a blue pixel indicates
the presence of a depth value for both depth maps, a red pixel in-
dicates that a depth value is only present in the pinhole depth map,
and a green pixel indicates that a depth value is only present in the
fisheye depth map. The non-black area indicates the field of view
of the camera. For the fisheye images, a mask was applied to mask
out parts of the car visible in the images.

In order to quantitatively determine the increase in cover-
age obtained from fisheye images, that is, the additional in-
formation we gain with a bigger field of view, we conduct an
experiment using images from the four cameras mounted on
the car. In the first step, we run three-view stereo matching
using half-sequence occlusion handling on full-resolution
1280 x 800 images, 128 planes, 11 x 11 ZNCC matching
costs, and subpixel interpolation. We cannot directly com-
pare the resulting depth maps because they contain a sig-
nificant number of outliers. Therefore, we compute locally
fused depth maps by using 11 raw depth maps and warping
them into the middle view. To extract a high-quality depth
map, we only accept depths in which at least 3 out of the 11
raw depth values per pixel agree. For each of the pinhole



Avg coverage | Avg coverage

(pinhole) (fisheye)
Pinhole area (front) 36.15% 45.38%
Pinhole area (left) 65.24% 73.07%
Pinhole area (rear) 32.21% 45.38%
Pinhole area (right) 73.22% 80.80 %
Fisheye area (front) 25.91% 37.48%
Fisheye area (left) 49.56% 61.56%
Fisheye area (rear) 24.17% 39.55%
Fisheye area (right) 54.38% 67.79%

Table 1. Average coverage of the depth maps over 200 frames.

and fisheye depth maps, we compute how many pixels have
a depth estimate. To make the comparison consistent, we
compare both depth maps in two ways; we look at both the
portion of the depth maps visible in a pinhole image, and
the portion of the depth maps visible in the fisheye image.
Example depth maps are shown in Fig. 3, and the average
coverage is given in Table 1. Here, we define the coverage
to be the number of pixels associated with a depth value
divided by the total number of pixels in the portion of the
depth map to be compared (pinhole or fisheye area).

In a second experiment, we compute a dense point cloud
reconstructed from 31 depth maps for both the fisheye and
pinhole models. The resolution is 640 x 480 and each depth
map is computed by locally fusing five depth maps and
keeping the points that are consistent in at least three depth
maps. Example input images and top-view renderings can
be seen in Fig. 4. With the fisheye model, the ground is
more complete, and the point cloud includes overhanging
parts of buildings which are not visible in the point cloud
corresponding to the pinhole model. Note that the camera
is pointing roughly 45° towards the ground which makes re-
constructing the elevated structures difficult. Close-up ren-
derings of the point clouds are depicted in Fig. 5. We ob-
serve that when compared to the pinhole model, the truck
on the left and the building facade on the right look more
complete with the fisheye model.

3.4. Dense Modelling

One important use case of depth maps is to build dense
3D models. In this section, we compare the dense models
we obtain from both pinhole depth maps and fisheye depth
maps. To fuse the depth maps, we use in both cases the
volumetric TV-Flux fusion of [23].

We use images from the MAV, and compute 20 depth
maps using two consecutive stereo image pairs. From each
fisheye image, we extract two different pinhole images; the
first image has a horizontal field of view of 65° which corre-
sponds to the field of view of standard pinhole cameras, and
the second image has a wide field of view of 114.8°. The
depth maps are computed with a resolution of 754 x 480
pixels using 96 planes, 9 x 9 ZNCC matching scores, no

occlusion handling, and subpixel interpolation. The result-
ing dense 3D models are visualized in Fig. 6. All the dense
models are computed with the same settings. We observe
that the 65° pinhole images are not able to see the ground
or the ceiling, and thus, the reconstruction covers a small
volume. Using the wide-angle 114.8° pinhole images, the
reconstruction becomes more complete. The reconstruction
is most complete with the fisheye images as we directly do
dense matching on the fisheye images using our proposed
matching algorithm.

3.5. Mobile Devices

Another application of our algorithm is on hand-held
mobile devices. We use the Google Tango phone”. This
device contains a depth sensor. This sensor has a standard
pinhole camera field-of-view and works indoors only. Our
algorithm makes use of the fisheye camera from the device.
It is able to compute depth information with a large field-
of-view based on the motion of the device and the fisheye
images. The camera poses are directly computed on the de-
vice in real-time. Our depth map computation is run offline
on a desktop computer as a post processing step.

The settings of the plane sweep where as follows. We
match three images where the last one is used as reference
view. Occlusion handling is turned off and the image dis-
similarity measure is an 11x11 ZNCC score. Some example
depth maps are shown in figure 7.

2www.google.com/atap/projecttango



Figure 4. Top: An example pinhole image is shown on the left, and a top-view rendering of the generated point cloud corresponding to the
pinhole model is shown on the right. Bottom: An example fisheye image is shown on the left, and a top-view rendering of the generated
point cloud corresponding to the fisheye model is shown on the right.

respectively.

4. Conclusions and Future Work

We have shown that our plane-sweeping stereo directly
applied to fisheye images is capable of producing high-
quality depth maps that cover the entire field-of-view of
the fisheye camera. We make a simple adaptation to the
widely-used plane-sweeping stereo algorithm for pinhole
images by including the fisheye model such that our plane-
sweeping stereo algorithm directly works with fisheye im-
ages without losing coverage. Our plane-sweeping stereo
algorithm is well-suited for GPU implementations. Fur-
thermore, our GPU implementation realizes real-time ap-
plications based on fisheye depth maps. In future work, we
will implement our plane-sweeping stereo in a car equipped
with a surround-view camera system, and generate a tex-
tured dense 3D model in real-time via volumetric fusion.
In contrast to top-view composite 2D images that surround-
view camera systems typically produce, a textured dense 3D
model significantly improves the driver’s situational aware-
ness. Similarly, we will apply our plane- sweeping stereo
to a robot platform equipped with a surround-view camera
system such that the robot has an instantaneous 360° view
of obstacles in the vicinity. Another future work is to imple-
ment the algorithm on a mobile GPU such as the NVIDIA
Tegra K1.
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Obstacle Detection for Self-Driving Cars Using Only Monocular
Cameras and Wheel Odometry

Christian Hine!, Torsten Sattler', and Marc Pollefeys'

Abstract— Mapping the environment is crucial to enable path
planning and obstacle avoidance for self-driving vehicles and
other robots. In this paper, we concentrate on ground-based
vehicles and present an approach which extracts static obstacles
from depth maps computed out of multiple consecutive images.
In contrast to existing approaches, our system does not require
accurate visual inertial odometry estimation but solely relies on
the readily available wheel odometry. To handle the resulting
higher pose uncertainty, our system fuses obstacle detections
over time and between cameras to estimate the free and
occupied space around the vehicle. Using monocular fisheye
cameras, we are able to cover a wider field of view and detect
obstacles closer to the car, which are often not within the
standard field of view of a classical binocular stereo camera
setup. Our quantitative analysis shows that our system is
accurate enough for navigation purposes of self-driving cars
and runs in real-time.

I. INTRODUCTION

Reliably and accurately detecting obstacles is one of the
core problems that need to be solved to enable autonomous
navigation for robots and vehicles. For many use cases such
as micro aerial vehicles (MAVs) or self-driving cars, obstacle
detection approaches need to run in (near) real-time so that
evasive actions can be performed. At the same time, solutions
to the obstacle detection problem are often restricted by the
type of vehicle and the available resources. For example, a
MAV has restricted computational capabilities and can carry
only a certain payload while car manufacturers are interested
in using sensors already built into series vehicles in order to
keep self-driving cars affordable.

There essentially exist two approaches for obstacle de-
tection. Active methods use sensors such as laser scanners,
time-of-flight, structured light or ultrasound to search for
obstacles. In contrast, passive methods try to detect obstacles
based on passive measurements of the scene, e.g., in camera
images. They have the advantage that they work over a
wide range of weather and lighting conditions, offer a high
resolution, and that cameras are cheap. At the same time, a
wide field of view can be covered using for example fisheye
cameras. In this paper, we therefore present an obstacle
detection system for static objects based on camera images.
We use stereo vision techniques [1], [2], [3] to obtain a
3D model of the scene. Our main motivation is to enable
self-driving cars to detect static objects such as parked cars
and signposts, determine the amount of free space around
them, and measure the distance between obstacles, e.g., to

*This work has been supported by EU’s 7th Framework Programme
(FP7/2007-2013) under grant #269916 (V-Charge).

1Department of Computer Science, ETH Ziirich, Switzerland {chaene,
sattlert, pomarc}@inf.ethz.ch

determine the size of an empty parking spot. We therefore
detect obstacles as objects obtruding from the ground [4].
Most existing stereo vision-based techniques rely on classical
forward facing binocular stereo cameras with a relatively
narrow field of view and visual (inertial) odometry (VIO)
systems to provide accurate vehicle poses. These systems
are mainly targeted for detecting objects which are in front
of the car and are therefore used in standard on road forward
driving situations. For many maneuvers such as parking into
a parking spot or navigating in a narrow parking garage, a
full surround view is very important. We show that for such
situations accurate obstacle detections can be obtained from
a system that uses only monocular fisheye cameras and the
less accurate poses provided from the wheel odometry of the
car, if the noisy individual detections are properly fused over
time. The resulting system does not require complex VIO
systems, but simply exploits information already available
while running in real-time on our test vehicle, we thus avoid
any unnecessary delay a VIO system might introduce.

This paper makes the following contributions: We describe
the overall obstacle detection system and explain each part in
detail, highlighting the rationale behind our design decisions.
We demonstrate experimentally that highly precise vehicle
poses are not required for accurate obstacle detection and
show that a proper fusion of individual measurements can
compensate for pose errors. Self-driving cars are currently a
very active field of research and we believe that the proposed
system and our results will be of interest to a significant part
of researchers working in this field. To our knowledge, ours
is the first system that uses monocular fisheye cameras and
only relies on the wheel odometry.

The paper is structured as follows: The remainder of this
section discusses related work. Sec. II provides an overview
over both our vehicle setup and our obstacle detection
system. Sec. III explains the computation of the depth maps.
Obstacle extraction is described in Sec. IV, while Sec. V
details how to fuse detections from multiple depth maps.
Sec. VI experimentally evaluates the proposed method.

A. Related Work

In contrast to motion stereo systems, active sensors such as
lidar [5] and binocular stereo cameras [6] can provide a depth
map of the environment at any time, even when the vehicle
is not moving. Stereo cameras offer the advantage of being
cheap to produce while providing high-quality measurements
in real-time [6]. Thus, many obstacle detection systems rely
on a stereo setup [7], [8], [9]. Obstacles are usually detected
in an occupancy grid [10], [11], a digital elevation [12] or
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height map [4], [9], [13], or a volumetric data structure [14]
into which the depth measurements are fused. Occupancy
grids are probably the most popular scene representation as
they not only provide information about the positions of the
occupied space but also about free space [15].

In the case of ground-bound vehicles, e.g., cars moving
on planar surfaces, obstacles correspond to objects obtrud-
ing from the ground: [9] compute a height profile from
stereo measurements and subsequently estimate for each 2D
occupancy grid cell whether it corresponds to free space
or occupied space. While [9] use a probabilistic model,
[16] employ dynamic programming on the grid cells to
determine free space. Given the free space, stixels can be
used to compactly represent obstacles as boxes standing on
the ground [4]. Overhanging structures and archways can be
handled by allowing multiple height map layers [13].

In this paper, we follow a similar approach and model ob-
stacles as objects extruding from the ground. While existing
work requires high-precision sensors [16] or visual odometry
methods to obtain precise vehicle poses before fusing the
depth data [9], [17], we show that using the less accurate
wheel odometry readily available in every car is sufficient.

The disadvantage of most stereo cameras is their limited
field of view (FOV). Thus, car manufacturers are beginning
to additionally integrate wide FOV [7] or fisheye cameras
[18] to cover the entire scene surrounding the vehicle. The
extremely wide FOV of fisheye cameras enables them to
also observe objects close to the vehicle, i.e., they are well-
suited for obstacle detections. In this paper, we thus use
such cameras and show experimentally that we are able to
accurately detect obstacles through motion stereo. [19] use
motion stereo, based on very accurate poses from GPS/INS
measurements, to generate large-scale urban reconstructions
by estimating the 3D geometry of the scene. In contrast,
our approach determines which parts of the environment are
occupied by obstacles and which are free space.

II. OVERVIEW

As illustrated in Fig. 1, our obstacle detection framework
consists of three main stages. First, we extract a depth map
for each camera mounted on the car using multi-view stereo
matching on a sequence of camera frames recorded by the
moving car. The camera poses required for this step are
directly obtained from the wheel odometry and the extrinsic
calibration of the cameras. No visual odometry system is
employed to refine the poses. The depth maps provide a
3D reconstruction of the surroundings of the car but do not

Overview over the obstacle detection system proposed in this paper.

offer any information about which structures are obstacles
that need to be avoided and which parts correspond to free
space that the car can move through. In the second stage, we
thus detect and extract both obstacles and free space for each
individual depth map. Since obstacles are objects protruding
from the ground, obstacle detection is performed in 2D.
One of the shortcomings of using wheel odometry is that
the rotation of the wheels is only discretely sampled, which
leads to a slight oscillation around the true traveled distance.
This is not a problem in terms of determining the position of
the car but leads to uncertainty for the estimated depth maps
due to a slightly inaccurate baseline in the stereo matching.
Therefore, the third stage fuses the obstacle detections over
several camera frames to obtain a more accurate estimation
of the occupied space around the car. Depending on the use
case, the fusion can be done independently per camera or as
a single fusion that combines data from multiple cameras.
We integrated our obstacle detection system into two VW
Golf VI cars that are equipped with a system of four fisheye
cameras mounted on the car with minimally overlapping
FOVs. The cameras are installed in the side mirrors as well
as in the front and back of the car and each have a 185°
FOV, jointly covering the whole field of view around the car.
They record at a frame rate of 12.5Hz and are triggered syn-
chronously. Besides the cameras, we also utilize the wheel
odometry of the car, which provides a 3 degrees-of-freedom
pose of the car on the ground plane by measuring the rotation
of the wheels. The cameras are calibrated with respect to
the odometry frame using a simultaneous localization and
mapping-based calibration pipeline [20]. The cars are the
test platforms of the V-Charge project [18], whose aims are
fully automated navigation and parking. As such they are
equipped with other environment perception sensors which
are not used for our system. However, since the output
of our method is simply a set of occupied and free space
estimations, our results can easily be fused into a combined
obstacle map together with similar data from other sensors.
All used sensors are either already built into today’s cars
or close-to-market. For the processing of the sensor data
and to perform the navigational tasks required for automated
driving, the cars have a cluster of 6 PCs installed in the trunk.

I1I. DEPTH MAP COMPUTATION
The first step of our algorithm is to compute a depth map
out of the fish eye camera images and the camera poses
provided by the wheel odometry. Often, the ground plane
is hard to match as it is weakly textured and affected by



Fig. 2. Results of our depth map computation procedure. (Left) image of the reference view, the depth maps computed (middle) without ground direction
plane-sweep and (right) the complete depth map computation procedure including the ground directions. The depth maps are coloured with respect to height
above ground instead of depth (color pattern repeating every 0.5 meters), to illustrate the quality of the ground. Without the ground direction plane-sweep,
the ground is reconstructed rather bumpy (cf. middle). In contrast, our complete procedure obtains a much smoother reconstruction.

motion blur due to the close proximity to the car. To reduce
noise on the areas where the ground plane is visible in the
images, we introduce a two stage approach which first checks
if the ground plane matches sufficiently well in the images
and only reconstructs other structures if a matching patch is
unlikely to belong to the ground plane.

Standard binocular stereo matching takes two stereo rec-
tified images as an input and computes a depth map for one
of the two images. In our case, images are recorded with a
continuous frame rate. This means we have the option to
match more than one image to a single reference image
to increase the quality of the computed depth maps by
increasing the baseline. For general camera configurations, it
is not possible to stereo rectify a set of more than two images.
To avoid this problem, plane-sweeping stereo [1] is usually
used since it does not require any rectification. The main idea
of plane-sweeping is to match a set of images to a reference
image by projecting them onto a plane hypothesis and then
back to the reference image. The images warped through this
procedure and the reference image will then be compared
using an image dissimilarity measure, which is evaluated
over a small matching window. If the tested plane hypothesis
is close to the true depth of a pixel in a reference image, the
corresponding dissimilarity value will be low. Testing many
plane hypotheses and taking the depth induced by the best
matching plane for each pixel then produces a depth map
for the reference image. Originally, plane-sweeping has been
proposed for pinhole images, where the images are warped
into the reference view through a planar homography. In
order to cover a wider field of view with each camera, and
thus enable obstacle detection around the car, our setup uses
fish eye cameras. While this increases the complexity of the
warping process slightly, depth maps can still be computed
in real-time on a graphics processing unit (GPU) [3].

The plane-sweeping algorithm locally approximates the
reconstructed 3D structure as a plane. If the normal direction
of the plane hypothesis is not well aligned with the actual
surface direction, the warped image will be locally distorted
with respect to the reference image, which increases the
dissimilarity score even for matching patches. This can be
overcome by aligning the sweeping plane directions with the
predominant directions in the scene [2]. We therefore sweep
planes in two directions; Since we are interested in detecting
obstacles on the ground, one sweep direction uses planes
parallel to the ground plane while the others are fronto-
parallel to the camera. The extrinsic camera calibration,
which gives us the height of the cameras with respect to the

surface the car drives on, provides a good initial estimate
of the ground plane. Hence, we only need to test very
few planes for the ground direction; we used 10 in our
experiments. For the fronto-parallel sweep, we space the
planes inversely proportional to the depth, resulting in an
even sampling in disparity space. For each pixel in the
reference image and each plane, we obtain one dissimilarity
score from each image that is matched against the reference
image. To obtain one single cost per plane for each pixel in
the reference image, we simply average these dissimilarity
scores. Notice, this means we do no utilize any occlusion
handling (c.f. [3]). Occlusion handling could slightly improve
the quality of the depth maps around occlusion boundaries
but this small gain comes with a set of disadvantages. Firstly,
occlusion handling slows down the depth map computation
process. Secondly, doing occlusion handling the way it was
initially proposed in [21] would mean that we would compute
the depth map for at least one frame before the newest one
available. This would lead to an unnecessary delay of the
data. As we could not observe any significant gains with it
and since it comes with the aforementioned problems, we
refrained from using occlusion handling in our experiments.
The depth map is finally extracted as the depth of the plane
with minimal cost, utilizing a winner takes all strategy.

The last step of our depth map computation procedure is
to combine the potentially incomplete depth map computed
for each sweeping direction. For this, we need to define a bit
more formally the output of the plane-sweeping algorithm.
For the sweeps in the ground and fronto-parallel direction,
we obtain a depth map Z,(x,y) and Z¢(x,y), respectively.
The computation of the depth maps provides for each pixel
(x,y) the image dissimilarity cost for the best matching
plane C.(z,y) and the uniqueness ratio U.(z,y) encoding
the uniqueness of this match. Let C. »(z, y) be the cost of the
second-best matching plane for pixel (x,y). The uniqueness
ratio is then defined as the ratio C.(x,y)/C. 2(z,y). Both of
these additional values can be used to filter the depth maps:
A low matching cost implies that the image patches match
well. A large uniqueness ratio indicates ambiguities, e.g.,
uniformly textured regions or repeating patterns will result
in a ratio close to 1. We use two sets of thresholds for the
two sweeping direction T¢,, Ty, and T¢,, Ty,, respectively.
Let

ag(x) = (Cy(x) < T, (x)) A ((Ug(x) < Ty, (x)))
ay(x) = (Ci(x) < T (%)) A ((Ur(x) < T (x)))
denote that a pixel x := (x,y) passes the thresholds on the



dissimilarity cost and the uniqueness ratio for the ground-
parallel and fronto-parallel sweeps, respectively. The two
depth maps are merged as

Zy(z,y) if ag(x,y)
Z(x,y) = Ze(z,y) if mag(z,y) Aagp(zy) (D)
-1 else

where —1 indicates that no depth is assigned to a pixel.
Choosing T, < Tg, and Ty, < Ty,, Z(x,y) preferably
uses matches on the ground plane. In our experiments, we
found this behavior to be desirable as it leads to a smoother
reconstruction of the ground which is important to avoid false
positive obstacle detections.

For our experiments, we use zero mean normalized cross
correlation (ZNCC) scores over a 9 x 9 pixel window for
measuring the image similarity. The matching cost C.(z,y)
are computed as the negative ZNCC score normalized to the
interval [0,1], i.e., a matching cost of 1 corresponds to a
ZNCC score of —1 and a matching cost of 0 corresponds
to a ZNCC score of 1. There are 10 planes used for sweeps
parallel to the ground and 50 planes for the fronto-parallel
direcion. The filtering thresholds are set to Ty, := 0.9925,
Ty, :=0.98, T¢, := 0.18 and T, := 0.17. The depth maps
are computed on a resolution of 640 x 400 pixels and we
match two images against the reference image, meaning 3
images contribute to every depth map. Fig 2 shows the results
of our depth maps computation procedure. The benefit of the
additional ground direction sweeping is mostly visible in the
form of a smoother ground plane.

IV. OBSTACLE EXTRACTION

The output of the previous section is a depth map for each
camera. In this section, we describe how to extract obstacles
from a single depth map. Following [4], [9], we make the
simplifying assumption that the car is moving on a plane, i.e.,
every object not lying on the plane is a potential obstacle,
and perform obstacle detection in 2D.

Obstacle detection consists of three steps. Given a depth
map, we first create a 2D occupancy grid that encodes which
cells contain depth measurements. From this grid, we then
extract obstacles from the occupied cells and refine their
positions to avoid discretization artifacts. Finally, we estimate
the uncertainty of each detection, which will be used in
Sec. V to fuse detections from multiple depth maps.

A. Occupancy Grid Generation

We define the local coordinate frame of the car to coincide
with the vehicle odometry frame. It has its origin on the
ground plane at the point where the middle of the rear axle
orthogonally projects to the ground plane. The x-axis is
pointing towards the front of the car, the y-axis to the left
and the z-axis is pointing vertically away from the ground
(cf. Fig. 3). Due to this choice of coordinate system, we can
directly infer the position of the ground for each camera from
the known extrinsic calibration of the car’s camera system.

For each camera, we define a separate occupancy grid that
covers the relevant part of the area observed by the camera.

Fig. 3. [Illustration of the coordinate systems used in the paper. The x-,
y-, and z-axes are colored in red, green, and blue, respectively.

The grid is placed in the ground plane, i.e., coincides with
the z-y plane of the vehicle frame. The cameras are mounted
such that their x-axes are parallel to the ground. Thus, the z-
and y-axes of the occupancy grid are chosen to be parallel
to the projections of the z- and z-axes of the camera onto
the ground plane. As illustrated in Fig. 3, the origin of the
occupancy grid is the projection of the camera center cqqo,
expressed in the vehicle frame, to the z-y plane. We express
coordinates in the occupancy map by an (angle, disparity)
pair (d, p), where disparity d = 1/ygia corresponds to the
inverse depth of the measurement.

We use disparities instead of the original y-coordinates
since the depth maps are already computed based on dispari-
ties by spacing the planes inversely-proportional to the depth.
As a consequence, the occupancy grid has a higher resolution
very close to the camera, which leads to an unnecessary high
grid resolution and thus memory and time consumption. In
order to guarantee a minimal cell size in depth direction we
virtually shift the grid by yspir;. The definition of the final
occupancy grid coordinates (dgrid, pgrid) can now be stated
in terms of the Cartesian coordinates in the occupancy grid
frame as:

dgrid = 1/ (ygrid + yshift)
Pgrid = P = arctan (xgrid/ygrid) . (2)

The occupancy grid coordinates (dgrid, Pgria) are only de-
fined for Cartesian coordinates with y,.iq > 0. Notice that
the resulting grid has the shape of an isosceles trapezoid,
similar to the polar grid in [16].

Let R ,,, € R3*3 and °d°t.,,, € R3*! be the rotation
and translation that transform a depth measurement Xc,p,
from the local camera coordinate system into the vehicle
frame, i.e., Xodo = “P°ReamXcam + °%°team. As shown in
Fig. 3, the corresponding grid cell is obtained by projecting
Xodo — Codo ONto the z-y plane of the grid frame, computing
the angle and disparity, and performing the shift by yshist-

For each grid cell (d,p), we store the number F'(d, p)
of points from the depth map that vote for free space in
this specific cell, the number O(d, p) of points that vote for
occupied space, and additionally the average disparity dgriq
of the points voting for occupied space within a given cell.
If the vehicle frame position X,4, of a depth measurement
is close to (or below in case of errors in the depth map) the
ground, it votes for free space in its corresponding cell. If
Xodo lies above the ground plane up to a maximum height,
it votes for occupied space in its cell and the corresponding
average disparity value is updated. The maximum height



is necessary to handle structures such as overhanging roofs
where the car can drive underneath and indoor environments
such as underground parking lots.

In our experiments we use a grid resolution of 50 x 120,
depth values up to 30 meters, and an opening angle of 140°.

B. Obstacle Extraction and Refinement

After filling the occupancy grid, we extract obstacles out
of the accumulated data. Each column of the occupancy grid
defines a ray corresponding to an angle pgriq. For each such
ray, we want to find the disparity value dops; Of the first
obstacle along the ray. In order to be robust against noise in
the input depth maps, we discard all obstacles that do not
pass the following two tests.

A valid obstacle detection should be supported by a
minimum amount of depth measurements. We thus compute
the strength of an obstacle as

d+Dobst
Sobst (d, p) = O(i,p) , 3)
i=d

where we also consider the D cells along the ray that
follow the first detection. We specify two thresholds TG7e)
and Tgﬁr’;ngh to threshold the obstacle strength at the closest
and furthest distance of the grid, respectively. This reflects
the fact that objects which are further away are represented
by fewer image pixels and thus fewer depth measurements.
The threshold Tsdtrength for the given cell is then computed
through linear interpolation.

Ideally, there should only be votes for free space until
we hit the first object and no cell behind this object should
contain free space votes. However, this is often not the case
close to the camera as sporadic mismatches in the sky and
other distant structures, which should be very high above the
ground, get reconstructed close to the camera and therefore
also close to the ground, resulting in votes for occupied
space. The second test is thus designed to reduce the number
of erroneously reconstructed obstacles. We define a second
obstacle strength measure that rewards free space in front of
the obstacle and occupied space behind it as

d—1
Sc/)bst(da p) = Z(F(lvp) - O(va))
l:3+Dobst
+ Y (O(i,p) = F(i,p) - 4
i=d

Again, we use a corresponding threshold Tirengh to discard
spurious obstacle detections.

The final extraction procedure is as follows: Beginning
at the cell closest to the origin, we compute the obstacle
strengths for the cells along each ray. We create an obstacle
for the first cell for which both strengths are above the corre-
sponding thresholds. In order to avoid reporting obstacles at
discrete positions only, we use the average disparities stored
for each grid cell to refine the obstacle position. The final
refined position of the obstacle is extracted as the combined
average disparity d of the points that where used as votes
for the obstacle strength in Equation 3.

In the case that there is no strong enough obstacle along
a ray, we extract a special “free space” obstacle that flags
the position until which only free space is observed in the
grid. This special obstacle represents the fact that the ground
plane is visible until this position, which will later be used
during the fusion process.

C. Uncertainty Estimation

The positions of the extracted obstacles originate from
depth maps that were computed using camera poses provided
by the vehicle’s wheel odometry, which is not as accurate
as vision-based odometry methods. From binocular stereo
matching, it is known that the uncertainty of the depth
grows quadratically with the depth. Unfortunately, this is
not directly applicaple to fisheye lenses [22] and to multi-
view matching. However, for a later fusion of the data
over time and between cameras, it is important to obtain
a (rough) estimate of the uncertainty for each detection. In
the remainder of this section, we thus propose a method to
estimate the distance uncertainty of the extracted obstacles.

For standard binocular stereo matching using discrete
disparities, one can only determine the true displacement of
a pixel up to £0.5 pixels. Fisheye cameras (approximately)
follow an equidistant model [23], i.e., the displacement
error in pixels is linearly related to the angle difference
A« between the viewing rays through the two pixels. We
use this linear relation to estimate the uncertainty of each
obstacle detection. Since obstacles are detected in 2D, we
also estimate their uncertainty in 2D.

Each depth map is computed from the current and two
previous frames. Let C.,; and Cg,, be the 2D positions
of the current and the previous camera with the largest
distance to the current frame, obtained by projecting the
camera centers onto the ground plane. Let O be the obstacle
position and let C.,;O and Cg,, O be the rays from the
two camera centers to the obstacles. We create two new rays
ry, ro originating from Cg,, such that the angle between the
rays and Cr,, O is £Ayncertainty degrees. Intersecting r; and
ro with C.,; O then provides an uncertainty interval for the
obstacle.

The final result of our obstacle detection approach, 2D
obstacle positions and their uncertainties, is depicted in Fig.
4. There is a rather high uncertainty and level of noise in
the estimates, as can be seen when obstacles from several
frames are simply transformed into a single frame without
any proper fusion. In the next section, we thus introduce
a simple way of fusing obstacle detections over time. We
constantly fuse the available measurements, enabling us to
detect and discard incorrect detections such as the outlying
measurements observed in the middle of the parking spot
shown in Fig. 4. Notice that fusion over time also removes
obstacles detected on dynamic objects.

V. DATA FUSION

Since we make the reasonable assumption that the car
moves on a (locally) planar ground, we again use a 2D grid
to fuse the obstacles detected in multiple camera frames. For



Fig. 4.
images. (Bottom row) Obstacles detected in three different frames, projected
to the ground plane. The red dots denote the obstacle position and the
cyan lines indicate the uncertainty area along the ray. The last image
contains all obstacles extracted in an interval of +1 seconds around the
corresponding frame and shows that simply adding individual detections
produces significant noise.

Results of our obstacle detection approach: (Top row) Two input

each grid cell, we aim to determine whether it corresponds
to free space or is occupied, i.e., contains an obstacle. In
robotics, this is often achieved in terms of an occupancy grid
using an inverse sensor model [10]. We follow a different
approach which originates from the fusion of laser point
clouds [24] and has since then been used successfully in
many computer vision systems [25], [26], [27]. Its main idea
is to follow each ray originating from a camera center until
it hits the first obstacle. For all grid cells traversed by the
ray, a negative weight is added to denote free space. At
the measurement, the ray enters the object and hence the
space behind the measurement should be occupied, which is
denoted by adding a positive weight. Since we do not know
the thickness of each object, we only enter positive weights
for a small region behind the obstacle. After adding the
measurements for all cameras that should be considered, a
cell having a negative accumulated weight is then considered
as free space and a cell with a positive weight as occupied
space. For cells that have a weight of exactly zero, the space
is considered as unobserved.

For real-time processing, we need to limit the size of the
grid. We achieve this by only updating a 10 x 10 meter area
which is placed such that it covers the area observed in the
current camera frame. Which part of the fusion grid needs
to be updated is determined based on the wheel odometry
reading. For each cell inside the viewing area of the current
camera frame, we determine the obstacle which lies on the
ray from the camera center to the grid cell. The weight added
to the current grid cell is defined by comparing the distance
lopst Of the obstacle to the camera with the distance .
between the cell and the camera. As explained in Sec. IV-B,
there are two types of obstacles, conventional obstacles and
the “free space” obstacles placed at the end of the definitively
visible space along a ray. Consequently, two different types
of weights are used. The free space weight wy is used for
both types while the obstacle weight w, is only employed
for the standard obstacles. For both types of obstacles, an

Fig. 6.
cause erroneous detections while backlight complicates precise depth esti-
mation. Still, our system is able to outline the positions of the obstacles.

Fusion results for an indoor sequence. Reflections on the ground

uncertainty interval (lobst — U1, lobst + u2) along the ray is
given and we distribute the weight of the obstacle along the
interval. Thus, obstacles that are measured with low accuracy
will only contribute little weight to each grid cell.

The free space weight for the cells along the ray is

—k if leen < lopst — U1
wy = ’ >
f 0 else >

where the constant k£ > 0 is added only to cells in front of the
obstacle. The obstacle weight w, should only be non-zero in
the uncertainty regions and is thus defined as

1

Tur
— 1
Wy = E

if leen € (lobst — Uy, lobst)
if lcell S [lobst7 lobst + u2] . (6)
0 else

Additionally, we impose a minimal uncertainty area to make
sure that the weight is spread at least into a few cells in the
grid. We also discard measurements which have a very large
uncertainty interval of more than 4 meters.

All grid cells are initialized with weight zero and are
updated whenever new obstacle detections are available by
adding the respective weight to the grid cells. The update
is constantly performed in a separate compute thread con-
current to depth map generation and obstacle detection. The
area of the grid that is updated is set to 400 x 400 cells,
resulting in a 2.5cm resolution for the 10m x 10m area. The
constant for free space is set to k = 4. Figures 5 and 6 depict
results of the fusion approach, where free space is colored
green, occupied space is red, and unobserved space is black.

VI. EXPERIMENTS

In this section, we present the experimental evaluation
of our obstacle detection and fusion system. We consider
two use cases and evaluate the accuracy in these situations,
namely driving past an empty parking spot to measure its
width and driving through two objects and measure how far
they are away from the car. In the first case, the wide field of
view of our fisheye cameras allows us to observe the whole
parking spot even at close distance. Similarly, the second
case also benefits from the fisheye cameras’ ability to detect
obstacles close to the car. Both cases are much harder to
handle using classical stereo systems due to their limited



Fig. 5. Obstacle fusion results for two outdoor test sequences. (Top row) input images, (bottom row) fusion results. (Left hand side) right facing camera,
(right hand side) front facing camera. Free space is colored green, occupied space in red, and unobserved space in black. The white dot denotes the position
of the current camera. Obstacle fusion over time enables our approach to remove outlier detections (cf. Fig. 4) and to recover the structure of the scene.

Fig. 7.
Distance that we determine in the fused results by measuring how wide the
minimal gap between the first two foam boxes is (grid resolution 2.5cm).

Left: Ground truth measurment taken with a tape measure. Right:

field of view. We employ foam boxes as obstacles as it is
easier to define the ground truth distance between two boxes
than two cars, even though these boxes are hard to detect by
our motion stereo system.

To enable quantitative evaluation, all the experiments are
conducted by replaying sequences recorded by the car on a
desktop computer equipped with an Intel Quad Core i7 950
CPU running with a clock rate of 3.07 Ghz and a NVIDIA
GeForce GTX 680 GPU. On the car, we are able to run the
same software on one of the 6 PCs mounted in the trunk.

A. Measuring the Width of a Parking Spot

The use case of this experiment is that a car is driving
past a free parking spot and we would like to measure the
width of the parking spot in order to decide whether the
car fits into it. For this experiment we naturally use the
sidewards facing cameras. We marked the parking spot with
foam boxes placed 3 meters apart (measured with a tape
measure, cf. Fig. 7). We drove past the parking spot 5 times
in each direction and stopped the fusion when the rear axle
is at the end of the parking spot. Tab. I reports the mean
width of the parking spot measured from the fused results
(cf. Fig. 7), together with the standard deviations from 5
measurements from the 5 different runs for each side. As can
be seen, the measurements of our system are accurate enough
to determine that the car fits into the parking spot. Notice,
the slight underestimate in distance is expected as we always
use the smallest possible distance between the first two foam
boxes to measure the size of the spot. Such a conservative
estimate is desired in practice as to avoid initiating a parking
maneuver that could potentially lead to a crash.

TABLE I
WIDTH MEASUREMENTS OF AN EMPTY PARKING SPOT

[ Camera | Mean | Standard Deviation | Ground Truth |

Left 2.93m 0.04m 3.00m
Right 2.9Im 0.02m 3.00m
TABLE II

DISTANCE IN METERS BETWEEN TWO OBSTACLES

Ground Truth|3.00|3.30|3.60{3.90(4.20{4.50|{4.80|5.10{5.40|5.70|6.00
Measured [2.93] 3.2 (3.48| 3.8 | 4.1 4.4 |4.7(500]53|558(5.88

B. Measuring the Distance Between Two Obstacles

While driving between obstacles, it is important to accu-
rately measure the distance of the obstacles to the car. To
measure how accurately our system is able to measure the
sidewards distance, we drive with the car in between two
foam boxes. As a ground truth measurement we measured
the distance of the two foam boxes with a tape measure. The
fusion is stopped at the point when the two sidewards facing
cameras are in between the two foam boxes. Afterwards, the
distance is determined by looking at the fusion of the left and
right camera and measuring the distance. The foam boxes
were set up at different distances from three to six meters. We
took one measurement per distance. The results are presented
in table II. The results are accurate enough for autonomous
driving. Compared to the first experiment, having an accurate
calibration is much more important for this use case as the
measured distance depends on two cameras. Thus, an error
in distance between the two cameras would directly transfer
to an error in the measurements. Again, we always took the
smallest measurement between the two foam boxes resulting
in a slight underestimation of the distance.

C. Runtime Performance

One important aspect of an obstacle sensor running on
a self-driving car is its runtime performance. As indicated
earlier, we are running the system by replaying a logfile
on a desktop computer with a GPU. On the actual car,
the same software is running on a similar but slightly less
powerful computer. We consider the scenario where a car is
driving forward, hence we run the whole system using multi-
threading concurrently on the left, front and right camera.



Fig. 8.
running our system concurrently on the left, front and right camera. The
obstacle frames are entered into the grid with a joint framerate of 37.5Hz.

(Left) Two input images of the front camera. (Right) Result of

The images are captured with a framerate of 12.5Hz, there-
fore our peak performance that we can reach per camera is
12.5Hz. For the result shown in Fig. 8, we are able to process
all the frames and hence reach the maximal performance
of 12.5Hz, leading to a joint framerate of 37.5Hz. We also
confirmed that our system runs in real-time on the car itself.
Initial experiments show that even using a NVIDIA Tegra
K1 chip is sufficient to process one single camera at lower
resolution.

VII. CONCLUSION AND FUTURE WORK

In this paper, we have proposed an obstacle detection
pipeline for self-driving cars designed to rely purely on
monocular cameras and the wheel odometry. Using fisheye
cameras allows our system to easily handle situations where
classical stereo cameras fail due to their restricted field of
view. Our experimental results demonstrate that our method
achieves a detection accuracy that is sufficient for practical
applications while running in real-time.

The output of our system are a set of obstacles, which
we fuse into a consistent grid representation that indicates
free and occupied space. This grid can readily be fused
with similar results from other sensors. In order to improve
the quality, the original obstacle detections could be fused
directly instead of fusing the final results. However, properly
modeling and fusing the uncertainty characteristics of the
different sensor types is a challenging task.

Currently, our system does not detect dynamic obstacles
such as other cars. Detecting dynamic objects would require
us to associate obstacle detections over time, e.g., based on
semantic classification in the images or motion models. This
would allow us to link the corresponding obstacle detections
and thus prevent the fusion stage from filtering out dynamic
obstacles.
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360° detection and tracking algorithm of both pedestrian and vehicle
using fisheye images

Massimo Bertozzi, Luca Castangia, Stefano Cattani, Antonio Prioletti, Pietro Versari

Abstract— All-around view is a mandatory element for au-
tonomous vehicles. The European V-Charge project seeks to
develop an autonomous vehicle using only low-cost sensors. This
paper presents a detection and tracking algorithm that cover
all the area around the vehicle using only 4 fisheye cameras.
The algorithm is able to detect pedestrians and vehicles and
track them, using cylindrical images. The whole pipeline is
presented, from the image un-warping to the classification and
the tracking algorithms, together with some results.

I. INTRODUCTION

The EU-funded project Autonomous Valet Parking and
Charging (V-Charge) aims to develop an autonomous electric
vehicle that can move in parking lots or garages to park and
reach re-charging spots. The peculiarity of this project is the
use of a low-cost sensor setup, that is close to the one that
it is possible to find in a consumer car. This guideline leads
to the choice of the sensors suite, that is shown in Fig. 1:
just two stereo cameras for long range narrow angle obstacles
detection, plus 4 monocular fisheye cameras, aimed to detect
moving obstacles all-round the vehicle and ultrasonic bumper
Sensors.

More details on the project aims can be found in [1]. Cam-
eras are the main sensor of the V-Charge car platform: the
presented algorithms employ four fisheye cameras (depicted
in blue in Fig. 1) to cover the whole area close to the vehicle.

This paper presents a system to classify and track vehicles
and pedestrians all around the autonomous vehicle. As this
system is supposed to be used driving at low speeds in park-
ing lots or garages in order to help in different maneuvers
(moving forward and backward and making tight curves), the
region of interest that must be considered covers the whole
area around the vehicle, but it is limited to short distances.
Stereo systems, which are not presented in this paper, are
employed to detect front and back obstacles only.

The proposed algorithm is a development of the work
presented in [2]. As an extension of the previous work,
cylindrical images are investigated for classification and
multi-camera tracking is developed.

A. Related works

In driving assistance systems, obstacle detection is a
crucial component of collision avoidance, especially for
dynamic object detection. Many sensors can be used for
obstacle detection, such as LIDAR, RADAR and vision
sensors. Vision sensors can be divided into pinhole cameras,

All the authors are with Department of Information Engineering, Univer-
sita degli Studi di Parma, Parma, Italy {bertozzi, castangia, cattani, prioletti,
versari} @ce.unipr.it
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Fig. 1: V-Charge sensors layout: two stereo cameras, on the
front and on the back, for long range narrow angle detection;
4 fisheye monocular cameras for all-round view obstacle
detection; short range collision avoidance sonars (in green).

with a limited field of view, and fisheye cameras [3], [4],
[5]. Fisheye cameras can be used for several applications,
especially in backup aid and surround view systems [6], [7]
because these cameras can frame a wide area close to the
vehicle. Feature based object detection algorithms are often
used to detect specific kinds of objects such as pedestrians
and vehicles [8]. Currently, the major interest relating to
the objects classification in the automotive environment is
dedicated to pedestrians. Luckily, all the technology devel-
oped for this category can be applied to simpler classes of
objects like vehicles. The most exploited features in this
field are the Haar Features [9], the Local Binary Pattern
(LBP) [10], the Histogram of Oriented Gradient (HOG)
[11], [12], the Integral Channel Features (ICF) and, recently,
Aggregated Channel Feature (ACF) [13], [14]. Features ex-
tracted in the image window are processed with an ensemble
learning algorithm. Algorithms largely used to detect objects
in automotive environments are based on SVM (linear, non-
linear, latent) [11] or AdaBoost (and variants) [12]. In the
state of the art, both Soft-Cascade techniques and search
window pruning (using the hypothesis of flat-terrain) are
widespread used [2], [11], [12], [14], to achieve real-time
performance. The object detection in fisheye images can
be done classifying directly in fisheye images [15], where
different classifier are trained on different portion of fisheye
image, or applying a classifiers to undistorted image [16].

II. PROPOSED SOLUTION
The scheme in Fig. 2 represents the main steps of the
proposed approach:
« Image un-warping:
the fisheye images are un-warped in order to both



Un-warping + Classification

Original fish-eye image

)

Multi-camera association + Tracking (EKF)

Fig. 2: Overall system design: from the left to the right it is shown the pipeline of the proposed approach. Firstly each
fisheye image is un-warped; the chosen model allow to have overlapping field of views between adjacent cameras. Secondly
the Soft-Cascade+ICF classifier is used to detect both vehicles (in red) and pedestrians (in green). The outputs from all
views are associated each other and finally the Unscented Kalman Filter track all obstacles, allowing to follow an object

moving around the vehicle through different field of views.

correct the lens distortion and obtain a wide-angle view
without strong aberrations.

o Classification:
a Soft-Cascade+ICF classifier is run on each camera
image to detect vehicles and pedestrians on all the
surrounding space.

e Multi-camera tracking:
in order to perform the 360° tracking, firstly an inter-
camera association algorithm is performed then, an
Unscented Kalman Filter is used to exploit those infor-
mation to track and generate an all around description,
as an unique high-level sensor with 360° field of view

All of these steps are described in detail in the following
paragraphs.

A. Image un-warping

Fisheye lenses provide very large wide-angle views (the-
oretically the entire frontal hemispheric view of 180°), but
the produced images suffer from severe distortion since the
hemispherical scene gets projected onto a flat surface. A
procedure to correct the fisheye lens distortion is necessary
unless you use an algorithm that takes into account this
effect. A common approach involves the distortion correction
by re-projecting the image on a virtual plane in order to
obtain a pinhole image [17] but, the wider the resulting
pinhole field of view, the stronger aberration you get on
image edges.

In [2] a virtual views layout has been presented in order to
correct the lens distortion and exploit the large fisheye lenses
field of view. However that approach has some drawbacks:

to find all obstacles virtual views need to overlap; this means
more pixels to process and conflicted areas where it is hard
to determine what is the right detection. To overcome these
shortcomings, it has been decided to increase the number
of virtual views and merge them together in a single wide
image: the final result is equivalent to re-project the original
fisheye image onto a semicylindrical surface, as it is done
in [16].

Fisheye cameras manufactured to follow the equidistance
mapping function, are designed such that the distance be-
tween a projected point and the image optical center is
proportional to the projected ray incident angle, scaled only
by the equidistance parameter. Exploiting this relationship,
the resulted cylindrical model is conveniently described by
the following equations:

H _ [cu + atan2 (z,2) - fo

1
. Co + by - o (1

——
z vicfe
yl = | 5= )
z cos L5lu

where (cy, ¢,) is the un-warped image virtual optical cen-
ter, k, is the vertical focal length, fy is the equidistance
parameter, (z,y,z) is the 3D point being projected to the
image and (u,v) is the related point in image domain.
The Equation 1 is the projection of a (x,y,z) 3D point
from camera reference frame to cylindrical image reference
frame, while the Equation 2 is the relation from a (u,v)



(a) Front camera, original fisheye image

(b) Front camera, un-warped image

(c) Left camera, original fisheye image

(d) Left camera, un-warped image

Fig. 3: Examples of fisheye images and the related un-warped images; into the fisheye images is depicted the corresponding
semicylindrical surface. The extrinsic parameters have been also used in the un-warping phase and this is considerable
especially on side cameras. Note also the overlapping field of view between the two un-warped images.

2D point from cylindrical image reference frame onto a
semicylindrical surface in the camera reference frame. In
order to preserve the original aspect ratio it is convenient
to impose k, = fo.

Exploiting the extrinsic, intrinsic and distortion cameras
parameters [18] a proper semicylindrical surface has been
defined for each fisheye camera; to facilitate the subsequent
algorithms, such the classification phase, those semicylinders
have been placed just in front of each camera keeping, their
axis perpendicular to the vehicle reference z plane. The
Fig. 3 shows some fisheye images and the resulted un-warped
images.

These choices imply that each image row correspond to a
circumference arc in vehicle reference z plane; this means
that objects on the same row in the same image are at
the same distance from the related camera: this property
is useful for many optimizations in the classification phase.
Noteworthy is also that the whole un-warped image does not
respect the pinhole camera model but, locally, the difference
between a virtual pinhole camera and the un-warped image is
hardly visible; a detailed analysis is covered in section III-A.

B. Classification

Pedestrians and vehicles detection is based on a Soft-
Cascade+ICF classifier. Due to the greyscale sensors, the
detector differs from [19] because it has not been used the

LUV color channels. The first phase, regarding the compu-
tation of the integral channel, is shared between pedestrians
and vehicles detector in order to speed-up the system.

Several classifiers with different pattern sizes have been
trained reducing the processing time required in the scaled
images computation and improving the detection perfor-
mances. Five classifiers are used for pedestrians, with dimen-
sions 32 x 64, 48 x 96, 58 x 116, 68 x 136 and 81 x 162; two,
instead, for vehicles, with dimension 38 x 38 and 45 x 45.
Two scales for each classifier are computed. The pedestrian
classifier with pattern size 32 x 64 is used to detect only far
pedestrian: differently from the other classifier, it is run just
at the smallest octave for each scale.

Moreover, the detection is not performed in the regions
that do not respect the typical range of vehicle/pedestrian
size: for each candidate window, through the world-to-image
coordinates transformation, its theoretical area is calculated
and is checked if it respects the suitable dimensions for a
vehicle or pedestrian. Candidates at the same scale-octave
are filtered with a 3 X 3 non maxima-suppression.

The final training set is composed by 20000 cars images,
40000 pedestrians images and 80000 negatives examples,
randomly extracted from the initial 12000 negatives images.
Positive samples are enlarged by 8% to include also the
information contained in the border. 10 bootstrapping cycle
are performed to improve the detection performance and



reduce the false positive rate. At each cycle, the detector is
trained on an augmented set composed by the initial negative
samples and the hard negative ones obtained by the previous
cycle.

C. Multicamera tracking

Tracking is performed jointly through the four cameras
allowing to follow an object moving around the vehicle.

1) Association: The “all-around tracking” requires that
the association must be performed not only between objects
in subsequent frames but also between objects coming from
different cameras. The matching in subsequent frames is
performed using the bounding boxes overlap. Several com-
parison metrics, instead, have been analyzed for the multi-
cameras one:

« Euclidean distance: objects coming from all the cameras
are projected in the world coordinates space and the
euclidean distance represents the matching cost. The
projection of the vehicle rear axis center points on the
ground (tracking point) is used for the projection.

« Polar distance: objects are still projected in the world
coordinates but, in this case, the polar distance repre-
sents the matching cost.

o Image distance: objects on each camera are projected
on the other cameras (if the projection is possible) and
the matching cost is represented by the bounding boxes
overlap.

Using a tracking algorithm based on image coordinates
(as described below), the “Image distance” metric has been
selected for the multi-camera matching process.

An association based on features matching between differ-
ent cameras has been also tested but discarded due to the high
computational cost for the features extraction and matching.

Objects of different classes (pedestrians or vehicles) have
matching cost zero.

Once defined a comparison metric, the Hungarian algo-
rithm is used to find the best association and maximize the
matching cost. After this step, each tracked object may have
been associated with one or two elements depending if it has
been seen in one or more cameras.

2) Tracking: An Unscented Kalman Filter (UKF) is used
for the tracking process. The tracking point, the object width
and its relative speed form the filter state. The predicted
position is obtained combining the host vehicle movement
information (from the inertial sensors) and the object position
and speed.

As described in the II-C.1 section, one or two element
can be associated to a tracked object after the matching
process. In case of a “double” association it is possible to
make a higher precision observation, since the object is ob-
served from two different points of view, like a stereoscopic
camera. In case of a “single” association, the observation is
represented by the tracking point and object width in image
coordinates: through the pinhole camera model is possible
to switch between image and world coordinates.

In case of a “double” association, instead, the observation
is represented by a couple of tracking points and width in

pixels from the objects in the two different cameras. In this
case, the predicted observation are the projections of the
object state in the two image coordinates.

Extra care is required to manage the two different obsta-
cles types, pedestrians and vehicles. This involves different
filter parameters, regarding the object movement and, the
different extraction of the object bounding box from its state:
while vehicles have the same ratio between height and width,
the pedestrians height is twice their width.

The bounding box extraction process requires the compu-
tation of the top-left and bottom-right points of the object
in the world coordinates and, then, the projection of these
points in the image coordinates. In case of an object in
the front camera, these points are calculated subtracting and
adding on the x axis the width value to the tracking point.
These procedure, instead, would not be valid for objects in
different cameras. Then, a different method has been used
for the bounding box extraction: firstly, the tracking point
and the top center point of the object are projected in the
image coordinates; from these two points it is possible to
extract the bounding box height in pixels and use it to find
the width and, then, the top-left and bottom-right points in
image coordinates starting from the projected tracking point.

III. RESULTS
A. Cylindrical images

The basic assumption of our approach was the classificator
compatibility with cylindrical images; since no object detec-
tion evaluation dataset with fisheye images was available, we
chose to evaluate “differences” between un-warping fisheye
images using pinhole model and cylindrical model. For this
purpose we defined “difference” d as follow:

d(u,v) = [ (u,v) = (', ") 3)

where (u,v) is a point in image domain and (u’,v’) is the
point obtained by re-projecting (u, v) from pinhole model to
cylindrical model.

This analysis helps to understand the expected object
distortion given its size in the equivalent pinhole model, and
consequently it is possible to estimate the maximum accept-
able size. In Fig. 4 the results' of this analysis are shown:
firstly we evaluated the per-axis re-projection displacement
errors, then we computed Euclidean norm as described by
Equation 3.

Predictably, the main displacement error occurs along u
axis: points further than 150 pixels have displacement error
u component of approximately 20 pixels. With a similar
analysis of “Euclidean norm of displacement errors” graph
(Fig. 4 c) we can overestimate the error of objects as wide
as 200 pixels in less than 10 pixels, and less than 20 pixels
for object as wide as 300 pixels; along the v axis we have
less constraints.

It is important to notice that the further the points are
from the pinhole image center, the stronger aberration you

These results are computed using the real intrinsic camera parameter
utilized in our system: fy = k, =~ 266.67 [pixel].
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Fig. 4: Displacement errors between pinhole model and cylindrical model. In (a) and (b) are shown the displacement errors
along v and v axes, in (c) is depicted the Euclidean norm of displacement errors as described by Equation 3. The greater
the error is, the higher the displacement between pinhole model and cylindrical model is at that coordinate.

(a) Original

(b) Pinhole

(c) Cylindrical

(d) Pinhole (e) Cylindrical
Fig. 5: Comparison between un-warping the original image
(a) by re-project it on a plane (b) or on a semicylindrical
surface (c); those images are focused only on a small area
in order to highlight the small differences between the two
approaches. In (d) and (e) the differences are more evident
but still hard to see: with the same number of pixels in (d)
we have some aberration on sides, meanwhile in (¢) we have
a slightly larger field of view.

get: then on the one hand the “difference” as defined by
Equation 3 is increasing, but on the other hand the pinhole
image we are comparing to begins to be affected by aber-
ration. In Fig. 5 is shown a qualitative comparison between
the original fisheye image and pinhole model and cylindrical
model.

B. Classification

The classifier, used in the previous version of the system,
has been improved on several aspects:

« the pre-processing parts of vehicle and pedestrian clas-
sification are merged in a common stage;
« the scales number has been reduced using more classi-
fiers with different pattern size;
o the shrinking factor has been introduced;
These changes lead to reduce the computational time and to
achieve real-time performance processing the images coming
from all the four cameras.

C. 360° tracking

The inter-camera tracking algorithm improves consider-
ably the system performance with respect to perform it
individually on each camera. Overlapping fields of view
guarantee a higher probability to detect an object than in one
camera, both in terms of different points of view from which
the object is observed then in terms of possible occlusions
in a camera but not in the other one. Moreover, it is possible
to exploit the past history of an object passing through the
cameras, increasing the tracking accuracy.

In Fig 6 is shown an example where we exploited the two
points of view to overcame one occlusion and to improve
the detection accuracy.

D. Conclusions and future works

In this paper is presented a method to detect and track
pedestrians and vehicles all around the V-Charge prototype.
The sensor suite is limited to four fisheye cameras, installed
on the front, back, right and left parts of the vehicle. Main
contributions of this method are the classification using cylin-
drical images and the 360° tracking. The obtained results
are remarkable in parking slots and garage environments. A
great attention has been given to optimize the computational
performance, to reach a processing time that allows the
managing of different manoeuvres at low speeds, processing
four cameras images. Even if the system provides promising
results in most situations, when the obstacles are as close to
the vehicle to be only partially framed, the classification can
provide very noisy results, especially in distance estimation.

The tracking stage still needs further developments: vehi-
cle orientation should be detected in order to improve the



(a) Left cylindrical image

(b) Front cylindrical image

Fig. 6: Example of 360° tracking approach benefits: we exploit the multiple point of views to overcome occlusion (the far
pedestrian is visible only in (a)) and to increase the detection accuracy (the two walking pedestrians were detected on both

images).

association by different points of view; moreover, tracking
of partially visible obstacles should be included. A huge test
stage is also mandatory to validate the method in the specific
environment considered for the V-Charge project.
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Vision-Only Fully Automated Driving in
Dynamic Mixed-Traffic Scenarios

Ulrich Schwesinger, Pietro Versari, Alberto Broggi, Roland Siegwart

Abstract: In this work an overview of the motion planning and dynamic perception
framework within the V-Charge project is presented. This framework enables the
V-Charge car to autonomously navigate in dynamic mixed-traffic scenarios. Other traffic
participants are detected, classified and tracked from a combination of stereo and
wide-angle monocular cameras. Predictions of their future movements are generated
utilizing infrastructure information. Safe motion plans are acquired with a
system-compliant sampling-based local motion planner. We show the navigation
performance of this vision-only autonomous vehicle in both simulation and real-world

experiments.

ACM CCS: Computing methodologies — Artificial intelligence — Control methods —
Motion path planning; Computing methodologies — Artificial intelligence — Computer

vision — Computer vision tasks — Vision for robotics.

Keywords: automotive, autonomous navigation, motion planning, environment

perception

1 Introduction

Autonomous navigation in mixed-traffic scenarios requi-
res a broad spectrum of robotic disciplines like locali-
zation, perception, classification, motion planning and
control to perform at their peak. The vehicle needs to
precisely perceive its local surrounding and compute safe
motion plans at a high rate in order to react to unfore-
seen events. Those components experienced significant
advances within the last decade — especially since the
impetus of the DARPA Urban Challenge in 2007 [1-4].
Since then, effort from various groups was spent to
bring autonomous driving capabilities to public streets.
With their BRAIVE platform [5], the Artificial Vision
and Intelligent Systems Laboratory (VisLab) successful-
ly demonstrated autonomous navigation in rural roads,
highways and urban environments during the PROUD
run [6]. BRAIVE’s sensor setup consisted of in total ten
cameras, five laser scanners and a GPS+IMU solution.
Carnegie Mellon’s Cadillac SRX completed a 53 km long
route on public roads without human intervention [7].
Similar to VisLab’s autonomous vehicle, Carnegie Mel-
lon’s self driving car utilized a mixture of laser scanners,
lidars and cameras. Daimler’s “Intelligent Drive” system
autonomously drove 103 km on rural roads, small villa-
ges and major cities [8] and Google’s self driving cars
spent remarkable 1126 500km on public US streets in

Figure 1: The V-Charge autonomous vehicle platform.

autonomous mode up to now [9].

All the above mentioned platforms complemented vi-
sion sensors with potentially expensive laser scanners,
lidars and GPS+IMU solutions. Within the European
project V-Charge (Automated Valet Parking and Char-
ging for e-Mobility) the application of low-speed auto-
nomous driving in restricted parking areas with low-cost
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vision sensors only is targeted. Low-cost sensors already
available in series cars will lower the consumer price for
the additional autonomous navigation functionality and
in the end lead to a higher customer acceptance of tho-
se systems. As legal issues might prevent the acceptance
of autonomous vehicles in public traffic for a foreseea-
ble time, the project aims at the application of autono-
mous functionality in restricted areas such as parking
lots. Here, automated vehicles constitute a convenient
solution for approaching vacant parking spots and char-
ging stations (electric vehicles) and provide a valuable
drop-off /pick-up service at the entrance of the parking
lot.

The V-Charge vehicle features static obstacle avoidance
as well as the handling of mixed-traffic scenarios where
automated and human-operated cars share a common
workspace and have to interact with each other. Navi-
gation has to be accomplished in tight spaces with pe-
destrians and other vehicles in close proximity to the
ego vehicle. These tasks are accomplished with a sensor
suite solely comprised of two stereo cameras, four mono-
cular wide angle fisheye cameras, twelve stock ultrasonic
sensors and incremental encoders at the vehicle’s wheels.

2 System Overview

A high-level overview of the V-Charge system is depic-
ted in Figure 2. From left to right the processing chain
is visualized starting with the sensor data and eventual-
ly resulting in system inputs to the vehicle. The key
sensors to perceive the environment are the front stereo
camera as well as the front and side monocular cameras.
Specifications and coverage information are illustrated
in Figure 3.

monocular cameras
resolution:  1.3MP
fov: 185°

front mid-range stereo
max. range:  45m
used range:  25m
fov: 45°

rear fish-
eye stereo
range: 5m
fov: 120°

ultrasonic sensors

range: 4m
fov 120°

Figure 3: Schematic sensor coverage of the V-Charge setup
suite.

The rear fisheye stereo sensor as well as the ultraso-
nic sensors are used for close-range obstacle detection
during parking maneuvers. The ultrasonic sensors addi-
tionally serve as the input to an emergency brake mo-
dule. The 2.5D stixel output of the front stereo sensor is

on the one hand used to create a two-dimensional (2D)
occupancy grid of the environment, containing static in-
formation only. Stixels assigned to dynamic objects are
removed from the grid. On the other hand, together with
the images from the front monocular camera, it forms
the input of the “Stereo Classification” module, which
groups stixels to objects and assigns class labels to them
based on a database of known object classes. This mo-
dule is described in detail in Section 3. The classified
objects are tracked with an extended Kalman filter, ap-
plying suitable motion models for propagation based on
the classification result. Once classified and tracked, pre-
dictions of the future movement of objects are genera-
ted, taking into account the object’s dynamic model and
further infrastructure information such as the road net-
work stored in a semantic map database. The “Local
Motion Planning” module described in Section 4 com-
putes a safe motion plan based on the latest perceptual
information and forwards the plan in form of a time-
stamped sequence of reference states plus feed-forward
system inputs to an underlying “Control” module. The
“Control” module takes care of correcting modeling er-
rors from the “Local Motion Planning” module. The sy-
stem inputs from the control module are fed back to the
local motion planner to correctly propagate the system
states during the expected cycle time of the planner and
to model system dead times.

3 Stereo Object Classification

It is important to distinguish between static obstacles
and dynamic objects to better understand the surroun-
ding environment and predict its evolution over time. In
order to achieve this capability we chose to classify ob-
ject hypotheses obtained by a clustering step of stereo
stixels. Though the current object database only con-
tains pedestrians and vehicles, adding more classes is a
straightforward process.

3.1 Unwarping of Fisheye Images

As the front stereo system has a limited field of view,
nearby objects are potentially only partially visible with
the stereo sensor, whereas they still appear in the field
of view of the front fisheye camera. This can happen for
instance if a pedestrian is walking close to the front of
the vehicle. The stereo system will still detect the pede-
strian, but its upper part is outside the stereo system’s
field of view. By projecting stixels from stereo hypo-
theses into the wide-angle images obtained by the front
fisheye camera, the stereo object classification is able to
utilize the full information of the wide-angle monocular
view.

Fisheye lenses provide very large wide-angle views —
theoretically the entire front hemispheric view of 180° —
but the images suffer from severe distortion since the he-
mispherical scene gets projected onto a flat surface. To
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Figure 2: Overview of software modules involved in on-lane navigation. The processing chain reaches from raw sensor data (left)

to the system inputs sent to the platform (right).

correct the fisheye lens distortion, the image is repro-
jected onto a virtual plane in order to obtain a pinhole
image, as shown in Figure 4.

3.2 Classification

Each object class stores suitable ranges for the object’s
size and aspect ratio. Those restrictions are used in a
pre-filter step to eliminate hypotheses not coherent with
the specific class characteristics. Each object passing the
pre-filter step is projected onto the pinhole image and,
for each possible object class, a region of interest (ROI)
is computed. This process takes into account several fac-
tors: the object’s distance and its dimension in the image
domain, the class aspect ratio and the extrinsic calibra-
tion of the camera. An example of the output of this
step is shown in the right part of Figure 4.

Every ROI is classified by a Soft-Cascade+ICF classifier
to validate or reject the hypotheses. The detector differs
from [10] since no LUV color channels are available in
the monocular fisheye images. One classifier with a di-
mension of 38 x 38 pixels is used for vehicles, whereas a
32 x 64 pixels and a 48 x 96 pixels classifier are used for
pedestrians. For each classifier four scales are computed
in total. We decided to use two classifiers with different
dimensions for pedestrians in order to be able to clas-
sify small objects and to be accurate in close proximity
to the car at the same time. Figure 10 and 11 visualize
the result of this module during online navigation, where
each classified object is marked with a colored bounding

Figure 4: Example of a front fisheye camera image (on the left)
and the related un-warped image used in the “Stereo Object
Classification” stage (on the right). The left figure depicts the
virtual plane used to obtain the pinhole image. For classification,
object hypotheses are projected onto the pinhole image in order
to define a ROI for the classifier. The ROI for the vehicle class
is depicted in red, whereas the ROI for the pedestrian class is
marked in green.

box according to the assigned object class (red stands
for vehicle and green for pedestrian).

4 System-compliant Motion Planning
Among Other Traffic Participants

The information from static environment perception,
object prediction, together with a high-level plan from
a topological planner operating on the roadgraph da-
ta structure is processed in a fast on-lane local motion
planner, first presented in [11]. The local motion planner
handles both static and dynamic mixed-traffic scenari-
os such as pedestrian avoidance, oncoming traffic and
platooning.



4.1 On-lane Motion Planning

The local motion planner operates in a sampling-based
manner, generating multiple system-compliant candida-
te motions along a reference path in a tree-like fashion.
The candidate motions are constructed via a forward
simulation of a detailed Ackermann vehicle model in
conjunction with a simulated controller, regulating the
system towards samples of a manifold aligned with the
reference path. These candidate motions are drivable
by construction and the approach is able to model chal-
lenging system characteristics such as dead times and
actuator limits easily.

During tree generation, samples m = (dref, Uref, ko ref)
are iteratively drawn from a set M of a discretized state
manifold and used as target states for closed-loop sy-
stem control. The state manifold consists of all states
that are heading- and curvature-aligned with the global
reference path. A candidate motion is then constructed
using a user-supplied vehicle controller g, that genera-
tes a sequence of system inputs u (t) = g (x (t) ,m) to
regulate the forward-simulated system model f, with

z(t+Al) = f([x(t),z(t),...],u(t),t,At) (1)
towards the sample m over a fixed time period, Tgip,.
The computational complexity of the approach incre-
ases exponentially with the depth of the tree. In the
V-Charge project a tree with depth one is used, which
proved to be sufficient for good navigation performan-
ce. An exemplary candidate motion set is depicted in
Figure 8.

4.2 Collision Detection With Static And
Dynamic Scene Elements

Fast collision detection is the bottleneck for many mo-
tion planning algorithms.

In order to test candidate motions for collision with sta-
tic objects a 2D occupancy grid is used. The rectangular
shape of the ego vehicle is approximated by a collection
of N disc shapes. The quality of the approximation of
the rectangular shape improves with the number of discs
used. This allows for fast collision tests of ego poses via
N comparisons on a distance transform of the gridmap.
Candidate motions in collision with a static obstacle at
any point within the planning horizon are pruned. For
collision-free trajectories, a soft cost term based on the
minimum distance of the candidate motion to any static
obstacle over time is computed. In our implementation
the cost term decreases linearly up to a specified thres-
hold distance.

The collision detection technique based on a 2D map
inflation is applicable only for static objects where the
time parameter is negligible. However moving objects
may occupy the same space at a different point in time.
While the majority of previously presented planning fra-
meworks operating in dynamic environments use a nai-

ve multiple interference test for collision detection with
moving objects where every robot pose is tested against
every obstacle and single disk approximations are used
for all objects, we found this method to be inappropria-
te for navigation in fairly densely occupied spaces. The
disc approximation is often too coarse and causes an
unacceptable loss of space for navigation. Furthermo-
re multiple interference tests with exact collision shapes
(e.g. oriented boxes for vehicles) are already too slow for
online operation with a fairly small amount of dynamic
objects in the scene. In [12] we presented a fast and exact
collision detection technique for moving objects based
on a bounding volume hierarchy (BVH) data structure
in workspace-time space. In our approach we utilize an
axis-aligned bounding box tree to efficiently prune the
majority of oriented bounding box collision tests. This
technique allows us to run the sampling-based motion
planner at a frequency of 5Hz. An exemplary tree is
depicted in Figure 5.

y N x

Figure 5: Axis aligned bounding box tree in workspace-time
space for fast dynamic collision detection. Three obstacle tra-
jectories are generated by a random walk (blue shades). The
ego trajectory (green/red) can be efficiently tested for collision
with the tree structure (wireframes).

In contrast to static obstacles, candidate motions in col-
lision with dynamic objects are not pruned from the set.
Instead, an additional “soft” cost term based on the esti-
mated time to collision is introduced. This accounts for
the fact that motion predictions of other traffic partici-
pants are inherently subject to uncertainty. Predictions
become more uncertain the farther they are in the fu-
ture. Therefore a cost term with exponential decay over
time, Jqo, is used (see Table 1).

4.3 Objective Function Design

For each candidate motion a scalar cost value is com-
puted which is comprised of different terms. In the V-
Charge project significant effort was spent to design an
objective function that performs well in both static and
dynamic environments. Each candidate motion is scored
with respect to its alignment with the reference path
and the lane’s reference speed. Furthermore cost terms
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Table 1: Cost terms used in the local planning framework.

are introduced for soft penalization of close distances to
static obstacles, integrated steering speed and collisions
with dynamic objects. The cost terms and their motiva-
tions are summarized in Table 1, where w¢, w, and w,
are user-supplied weight vectors, ¢ (t) denotes the curvi-
linear abscissa along the reference path associated with
the vehicle pose at time ¢ and mj_ is the optimal sam-
ple in the previous planning cycle. For a more intuitive
tuning of the weights, the individual cost terms are nor-
malized to lie within the range [0, 1] (this requires the
cost of all candidate motions’ cost terms to be availa-
ble). The final cost of a candidate motion for sample m,,
is computed via a weighted sum of the cost terms via

norm (Jgr (my,))
norm (Jiq (my))
norm (Jiy (Mmy,))
norm (Jo (M) = J34) | - (2)
norm (Jreg,n)
norm (Jy,n)

Ga (Jaon)

J (my) = wy"

In the following we will discuss certain aspects of a sub-
set of these cost terms in more detail.

Static obstacle distance cost term In equation 2,
Jioa = {Jso (Mn) | m € M, mgq = m,, q} is the minimal
static obstacle cost of all samples with the same lateral
offset d,.; as sample m,. This yields a static obstacle
cost term of zero for the sample with the largest mini-
mum distance to any obstacle. Without this modificati-
on, narrow passages appear as high cost regions. Depen-
ding on the ratio between the static obstacle weight and

the weights influencing the longitudinal speed terms, the
cost function might score candidate motions coming to
a full standstill in front of the narrow passage better
than motions passing the high cost region induced by
the static obstacle cost term. The modification encodes
the intention to keep a safety distance to static obstacles
if possible, but does not penalize close distances if the
navigation space gets tight. This behaviour is depicted
in Figure 6 and 7.

Figure 6: Influence of static obstacle distance cost term. The
red track depicts the navigation behaviour without the cost
term. Obstacles are passed without safety distance. The blue
track shows navigation with active static obstacle distance
penalization, resulting in a safe and comfortable avoidance of
the object.

Dynamic collision cost term The dynamic collisi-
on detection framework returns binary answers to col-
lision queries between candidate motions and predicted
trajectories of other traffic participants. This results in
an ego motion passing objects with the minimal reali-
zable distance, rendering the planning stage vulnerable
to measurement noise and resulting in maneuvers being



Influence  of the  post-processing  step

‘]s*o;d applied to the static obstacle cost term to

Figure 7:
Jso (mn) -
improve navigation performance in narrow passages. Without
the modification, the vehicle denies to pass the narrow passage
(red track).

perceived as risky. While the BVH-based collision detec-
tion framework provides the possibility for accelerated
distance queries between objects’ trajectories, this co-
mes with a significant computational overhead compa-
red to binary collision tests. Inspired by [13], we instead
use a Gaussian smoothing filter G4 over the dynamic
object cost term in the lateral offset dimension d. The
filter blends costs from collisions with dynamic objects
into neighboring candidate motions which results in the
desired side clearance without the need to perform ex-
pensive distance queries. The dynamic object cost term
is excluded from the normalization procedure due to
its safety-critical nature. The resulting navigation beha-
viour is illustrated in Figure 8 in a simulated run. In the
beginning (upper figure), the candidate motions to the
left of the blue ego vehicle already collide, however the
importance of the collision is low due to the exponenti-
al cost decay. The closer the oncoming car approaches
(middle figure), the higher the cost of the colliding can-
didate motions becomes and the ego vehicle initiates the
avoidance maneuver. After passing the oncoming vehic-
le (lower figure), the ego vehicle maneuvers around two
static vehicles that entered the field of view of the front
stereo camera.

Reference speed The lane’s reference speed vyef jane (€)
at a given curvilinear abscissa c is read from an attribute
of the road network description in the semantic map
database. Lane width information from the database is
used to adapt the lateral offset range of the samples m
on-the-fly.

4.4 Situation-Specific Adaptations

The local motion planner operates almost completely
without inputs from higher-level situational awareness
modules. The primary goal is to encode suitable be-
haviours in the objective function of the local motion
planner and only to fall back on higher-level behaviour
modifications if necessary.

For smooth platooning behaviour, the reference speed
Uref lane 1S modified to yield a specified time-gap and/or

Figure 8: Simulated avoidance maneuver with an oncoming
vehicle. Color scheme for candidate motions: green = low cost,
black = high cost, red = in collision with static obstacle.

distance between the ego vehicle and the car in front.
This solely shifts the minimum of the objective functi-
on, leaving the rest of the planning framework unchan-
ged. To determine the relevant object in front, a scoring
metric in the lane’s Frenet frame is used based on the
objects’ longitudinal and lateral distances to the ego ve-
hicle along the lane.

5 Movement Predictions For Traffic
Participants

Reasoning about future movements of other traffic par-
ticipants is important for well-behaved navigation in
mixed-traffic scenarios. Our motion prediction scheme
is based on a forward simulation of different agent mo-
tion models. A suitable motion model is chosen online
based on the associated object class label determined
by the classification module. Our classification module
and hence the motion prediction module distinguishes
between pedestrians and vehicles. As pedestrians often
move in an unconventional way and do not respect their
dedicated walkways rigorously (especially in parking lots
the V-Charge project is dedicated to), a constant veloci-
ty model is applied for pedestrians. In contrast to pede-
strians, movements of vehicles are bound much tighter
to the infrastructure. Therefore we exploit the lane in-
formation of the roadgraph to improve upon the motion
predictions of vehicles. In a first step, a kd-tree contai-
ning all three-dimensional (3D) poses (2D position z, y
and yaw angle 0) of the roadgraph is built. This allows



for fast nearest neighbor queries for any vehicle pose in
the 2D workspace in order to find the closest pose on the
roadgraph. The heading dimension is included in order
to distinguish between nearby lanes with opposite di-
rections. We use a custom distance metric between two
poses co and ¢; in SE(2)

2
d2(Co, C]_) :(Cox — C]_w)2 + (COy - Cly) +

a(cop — 010)2

(3)

with « being a scaling factor for the angular heading
dimension. During forward simulation with a discrete
integration scheme three operations are performed in
each timestep t;: First, the closest pose of the simula-
ted vehicle position at t; to the roadgraph is retrieved
from the kd-tree. Second, the lateral offset to the clo-
sest roadgraph pose is computed and a reference pose
is created by laterally shifting the closest pose by this
offset. In the third step, a control law is used to compu-
te a desired steering angle for the simulated Ackermann
model. This steering angle regulates the simulated mo-
del towards the computed reference state. The speed of
the vehicle is kept constant at its measured speed during
the simulation time horizon. The result of this motion
prediction scheme is illustrated in Figure 9.

Figure 9: Movement predictions for two different agent types
over a time horizon of 10 seconds. Green boxes represent the
detected bounding boxes of the objects. The yellow wireframe
objects depict the predictions.

6 Experimental Results

In this section we provide real-world data for two sce-
narios, that frequently appear during autonomous ope-
ration on a parking lot.

6.1 Pedestrian Avoidance

Figure 10 depicts the navigation behaviour in the pre-
sence of a pedestrian crossing the street. The constant
velocity prediction allows the vehicle to infer the future
positions of the classified pedestrian agent. A lateral
avoidance maneuver is not considered necessary, leading
to a short reduction of the ego vehicle’s speed in order

to give way to the pedestrian. Afterwards the vehicle
speeds up again to meet its desired reference speed.

2.0

reference ]

1.0

speed [m/s]

0.0

1.0 3.0 5.0 7.0
time [s]

Figure 10: Real-world avoidance of crossing pedestrian. The
pedestrian is sensed by the stereo camera (red stixels) and clas-
sified as such by the stereo classification module based on the
monocular camera images (top right figure). The vehicle slows
down to give way to the pedestrian.

6.2 Platooning

Platooning is a situation appearing frequently in traffic.
Figure 11 visualizes the navigation performance during
such, involving multiple stop-and-go phases. In this run,
the car in front is reliably tracked throughout the com-
plete four minutes of the run. The speed profile of the
ego vehicle and the target car match with a slight delay
induced by delays in the processing chain but mainly
due to the low-pass characteristics of the drive-train.

The left figure depicts the first approach to the car in
front. The middle figure illustrates the local planner’s
ability to concurrently adapt its plan (orange trajec-
tory) based on static obstacle information. The static
obstacle distance cost term moves the ego vehicle slight-
ly towards the left to keep a safety distance to the pillar
on the right. In the rightmost figure the roadgraph-based
object prediction utilizing the lane center information
(blue path) is visible.

7 Conclusion

The goal of automated driving in mixed-traffic scenarios
with a camera-only sensor suite is and remains challen-
ging. The V-Charge automated driving platform is to
our knowledge the first platform that does not comple-
ment the vision sensor suite with additional laser or lidar
scanners. In this paper we reported on the on-lane plan-
ning framework and the processing chain necessary to
implement smooth interaction with other traffic partici-
pants like vehicles and pedestrians. Our future research
aims at extending the object detection framework to all
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Figure 11: Real-world platooning performance in stop-and-go traffic.

available monocular cameras as well as incorporating
interaction-awareness in the object prediction stage by
machine learning techniques.
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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 aop refers to a 6-DOF transformation that
takes points from Fp to Fa, such that 4ap = 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 Fjps,. 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
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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) Ty,
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.



Bundle-Adjusted

Summary Localized Map
Map Frames | Database
Localized
Frames
2D-3D Triangulation
Matching
¥ 1
Optimization Tracking & Ba_tch .
RANSAC Optimization
Feature
Extraction Localization Mapping / Fusion

(online or offline)

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 Fy, 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, p; between the two is initialized to identity, and
similarly Tas,0 = Ty,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 Fyy, is chosen to
be the one nearest in translation to the predicted pose, and Tas, , s, is calculated by following the kinematic
chain between Fj;, 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, s, 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 + Jodm (6)

where Jo40 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)
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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, |O|, 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, 74, 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 Ny 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 Ngrp-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, Fq, 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; s then calculated as ijgT‘_,klcTVk M,
where Ty, ¢ is the INS estimate for the current frame, and Ty, a7, is the stored estimate for the pose of the
closest vehicle frame in the map.

Finally, we calculate the error as T‘_/leiij M, 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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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 9a, 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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Figure 15: The landmark total on a logarithmic scale, per session added to the map. Behaviour roughly
falls into two groups: maps with a bounded number of landmarks, and maps with unbounded size that grow
linearly. The special convergence behaviour of the Local-Ranking maps can be explained as a quantization

effect.

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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