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Abstract—Robot navigation within large-scale scenarios in
general requires a globally consistent map of the environment,
e.g., for reaching target locations safely. This problem has
been addressed by many researchers and is usually referred to
as Simultaneous Localization And Mapping (SLAM). However,
existing solutions to SLAM do typically rely on loop-closures
in order to maintain global consistency, and more importantly,
do not exploit prior information when available. In this paper
we present a novel SLAM approach gaining long-term global
consistency by utilizing publicly accessible aerial photographs as
prior information. This is achieved by inserting correspondences
found from local 3D laser scanner observations with the aerial
image as constraint points into a graph representation of the
SLAM problem. Data association between local laser observations
and the aerial image is achieved by matching features from the
raw 3D point clouds with features extracted from the aerial
image. The proposed method has been validated on a large
dataset acquired in mixed indoor and outdoor environments
by comparing global accuracy with state-of-the-art SLAM ap-
proaches and GPS.

I. INTRODUCTION

A truly autonomous robot which is able to interact with

the environment without supervision needs to be able to o4, ( »
acquire accurate models of its surrounding. In the case of oy ‘ :'» \ -
mobile robots, these models consist mainly of maps of the ' X \'
environment in a form suitable for the robot to operate. ¢

This problem has been addressed by many researchers in the = - A -
eld [4, 11, 12, 21], and is usually referred to as Simultango (c)

Localization And Mapping (SLAM).

In its original formulation, SLAM does not require anyFig. 1. This gure is a motivating example comparing standard\BiL(a),
prior information about the environment to work. Most SLAI\_/i;;;r"oz:c“r??C;S;L‘gt:‘fr:;a"n'qri‘;gﬂgLymaesmptr(')o{h'gfggpe?t'v‘cglI(E’)}j{“ﬁ“&;bfg”i"nb'(’:)’fj
approaches seek to output the most likely map and robottraj@hereas the localization applied in (b) yields proper atignts, but as it relies
tory given a sequence of observations and they do not take int aerial images, it cannot continue working inside the lngjdCombining
account prior informations about the mapped environmellﬂ? information of both algorithms yields the best result (c).
that may be available. However, there are certain scenanios
which one wants a robot to autonomously arrive at a certain
location, for example, given by a GPS coordinate. Considéyeen observations combined with large odometry errors tha
for example, rescue or surveillance scenarios in which of@roduce a high uncertainty in the current position of the
wants speci ¢ areas to be covered with high probability tgehicle. In this paper, we present an approach that utilizes
minimize the risk of potential casualties. UnfortunateBPS aerial photographs for calculating global constraintshimita
suffers from outages or occlusions so that a robot relyirgfaph-representation of the SLAM problem. In our approach,
on GPS might encounter substantial positioning errorsnEvéese constraints are obtained by matching features from 3D
sophisticated SLAM algorithms cannot fully compensate fdoint clouds to aerial images.
these errors as there still might be lacking constraints be-Compared to traditional SLAM approaches, the use of a



global prior enables our technique to provide more accu- 1. RELATED WORK
rate solutions by bounding the error when visiting unknown
regions. In contrast to approaches which seek to directlySLAM techniques for mobile robots can be classied ac-
localize a robot in an outdoor environment, our approach $9rding to the underlying estimation technique. The most
able to operate reliably even when the prior is not availableopular approaches are extended Kalman lters (EKFs) [16,
for example, because of the lack of appropriate matching], sparse extended information lters [7, 25], particle
Therefore, it is suitable for mixed indoor/outdoor opesati (€rs [19], and least square error minimization approach8s |
Figure 1 shows a motivating example of our approach. In trfls 11]. For some applications, it might even be suf cient to
gure, we compare the outcome of our approach with the of@arn local maps only [13, 27]. The effectiveness of the EKF
obtained by applying a state-of-the-art SLAM algorithmdanapproaCheS comes from the fact that they estimate a fully
with the result of a pure localization technique. correlated posterior about landmark maps and robot po$es [1
23]. Their weakness lies in the strong assumptions that have
The approach proposed in this paper relies on the so caltecdoe made upon both, the robot motion model and the sensor
graph formulation of the SLAM problem [18, 22]. Everynoise. If these assumptions are violated the lter is likédy
node of the graph represents a robot pose and an observativerge [14, 26].
taken at this pose. Edges in the graph represent relativeAn alternative approach designed to nd maximum likeli-
transformations between nodes computed from overlappingod maps is the application of least square error minimiza-
observations. Additionally, our system computes its glob@ion. The idea is to compute a network of relations given
position for every node employing a variant of Monte-Carl¢he sequence of sensor readings. These relations repthsent
localization (MCL) which uses 3D laser scans as observatiogpatial constraints between the poses of the robot. In dypsip
and aerial images as reference maps. The use of 3D lageralso follow this way of formulating the SLAM problem.
information allows our system to determine the portions @fu and Milios [18] rst applied this approach in robotics to
the image and of the 3D scan which can be reliably matchegidress the SLAM problem by optimizing the whole network
by detecting structures in the 3D scan which may result &t once. Gutmann and Konolige [11] proposed an effective
intensity variations in the aerial image. way for constructing such a network and for detecting loop

h . ib| btai ) fth _.closures while running an incremental estimation algarith
Whereas it is possible to obtain an estimate of the POSIION A}y the SLAM systems discussed above do not take into

of a vehu;le operating ouFdoors by GPS,_the accuracy of tr};{ﬁcount any prior knowledge about the environment. On the
estimate is usually not satisfactory to obtain an accurateet

Additionallv. th i imat ided by GPS siani other hand, several authors addressed the problem to use
tionally, the position estimate provided by S8 this a priori knowledge to localize a robot outdoors. For

cantly decreases when the_ rob_ot moves close_ to_buﬂdmgs OréB(ampIe, Korah and Rasmussen [15] used image processing
narrow streets. In these situations, using aerial imadewsl

¢ ¢ timate of the alobal it techniques to extract roads on aerial images. This infoomat
0 recover an accurate estimate ot the giobal position. is then applied to improve the quality of GPS paths using a

The contribution of this paper is the following: we propos@&rticle Iter by calculating the particle weight accordito its
a MCL variant for localizing a robot in an aerial image of th&osition relative to the streets. Leusgal. presented a particle

environment. Based on the sensed 3D laser data and on {if& System performing localization on aerial photograpy
prior of the robot position in the map, our approach selecidatching images taken from the ground by a monocular vision

the portions of the scan and of the image which can [system .[17]. Correspondences between aerial ?mages and
reliably matched. We present a SLAM approach which is apfgound images have been detected by. ma}tchlng line features.
to take this information into account. Our system preservé§€S€ have been generated from aerial images by a Canny
the exibility of traditional SLAM approaches and can alsg®d9€ detector and Progressive Probabilistic Hough Tramsfo
be used in absence of prior information. However, when tHiEPHT). A vanishing point analysis for estimating building

prior is available our system provides highly accurate tiuhs wall orientations was used on the monocular vision. In @sitr
also in pathological datasets (i.e., when no loop closuks t {0 laser-based approaches, their method maximally adhive

place). We validate the results with a large dataset aadjiire 2V€rage positioning accuracy within several meters. Dergru
mixed indoor/outdoor environments and we compare it wifﬁt al. utilized soft computing techniques for segmenting aerial

state-of-the-art SLAM approaches, and with GPS. images into different regions, such as buildings, roads, an
’ forests [5]. They applied MCL on the segmented maps.

The rest of the paper is organized as follows: After However, compared to the approach presented in this paper,
discussion of related work we will give an overview over outheir technique strongly depends on the color distributién
system, followed by a detailed description of the individudhe aerial images since different objects on these imagestmi
components. We then will present experiments designed sfeare similar color characteristics.
evaluate the quality of the resulting maps obtained with our Friih and Zakhor introduced the idea of generating edge
algorithm. We furthermore compare our approach using timeages out of aerial photographs for 2D laser-based lazaliz
aerial images with a state-of-the-art SLAM system that doé&sn [9]. As they stated in their paper, localization erroright
not use any prior information. occur if rooftops seen on the aerial image do signi cantly



A. Monte Carlo Localization

%' Je— <|'\: To estimate the pose of the robot in its environment, we

consider probabilistic localization, which follows thectgsive
V‘/Y Bayesian ltering scheme. The key idea of this approach is
to maintain a probability densitp(x; j zi.t;ugt 1) of the
locationx; of the robot at time given all observationg;.; and
all control inputsug:; 1. This posterior is updated as follows:

P(Xt J Zy:t;Uoit 1) 7 (1)
Fig. 2. The graph representation used by our approach. ltrasinto P(zt j xt) P(xt jur 1;%e 1) p(Xt 1) dxe 1
Fhe standar_d approach, we additionally_ integra?e globalstaints (shown
in yellow / light grey) given by the prior information. Here, is a normalization constant which ensures th@d; |

Z1:t;Up:t 1) Sums up to one over al;. The terms to be de-
scribed in Egn. (1) are therediction modep(Xt j Ut 1;Xt 1)
differ from the building footprint observed by the 2D scanneand thesensor modeb(z; j x;). One contribution of this paper
The method proposed in this paper extracts multiple lingsan appropriate computation of the sensor model in the case
at different heights from 3D point clouds and matches thetRat a robot equipped with a 3D range sensor operates in a
against the aerial image, leading to an improved robustngggen birds-eye map.
in nding location correspondences. Sofmanal. introduced For the implementation of the described lItering scheme,
an online learning system predicting terrain travel costs fye use a sample-based approach which is commonly known
unmanned ground vehicles (UGVs) on a large scale [1]. They Monte Carlo localization(MCL) [3]. MCL is a variant
extracted features from locally observed 3D point clouds$ agf particle ltering [6] where each particle correspondsao
generalized them on overhead data such as aerial photagrapBssible robot pose and has an assigned weihtThebelief

allowing the UGVs to navigate on less obstructed pathgpdatefrom Eqn. (1) is performed according the following two
Montemerlo and Thrun [20] presented an approach similar &ernating steps:

the one presented in this paper. The major difference to 0Un) |n the prediction step,
technique is that they used GPS to obtain the prior. Due to

the increased noise which affects the GPS measurements this
prior can result in larger estimation errors.

we draw for each particle with
weight wlil a new particle according tw!'l and to the
prediction modeb(X; j Ut 1;X¢ 1).
2) In the correction step, a new observatiorz; is inte-

grated. This is done by assigning a new weight to

1. GRAPHSLAM WITH PRIOR INFORMATION FROM each particle according to the sensor moglek j X:).

AERIAL IMAGES Furthermore, the particle set needs to be re-sampled angord

Our system relies on a graph-based formulation of tie the assigned weights to obtain a good approximation of the
SLAM problem. It operates on a sequence of 3D scans ap@se distribution with a nite number of particles. Howeyer
odometry measurements. Every node of the graph represéhsre-sampling step can remove good samples from the Iter
a position of the robot at which a sensor measurement wé&Bich can lead to particle impoverishment. To decide when to
acquired. Every edge stands for a constraint between efform the re-sampling step, we calculate the nunibgrof
two poses of the robot. In addition to direct links betweegffective particles according to the formula proposed ih [6
consecutive poses, it can integrate prior information fwhe 1
available) which in our case is given in form of an aerial Net = p—5 @)
image. iNzl @

This prior information is introduced to the graph SLAM
framework as global constraints on the nodes of the graph,@gsere@li]1 refers to the normalized weight of sampland we
shown in Fig. 2. These global constraints are absoluteitwtat only re-sample ifN ¢« drops below the threshold (%t whereN
obtained by Monte Carlo Localization [3] on a map computed the number of samples. In the past, this approach haslglrea
from the aerial images. These images are captured fromsigccessfully been applied in the context of the simultaseou
viewpoint signi cantly different from the one of the robot.|ocalization and mapping (SLAM) problem [10].
However, by using 3D-scans we can extract the 2D informationSo far we described the general framework of MCL. In
which is more likely to be consistent with the one visible ifhe next section, we will describe our sensor model for
the reference map. In this way, we can prevent the systef@termining the likelihoog(z j x) of perceiving the 3D scan
from introducing inconsistent prior information. z from a given robot positiox within an aerial image.

In the following we explain how we adapted MCL to operate ) ]
on aerial images and how to select the points in the 3D scdfs S€nsor Model for 3D Range Scans in Aerial Images
to be considered in the observation model. Subsequently weThe task of the sensor model is to determine the likelihood
describe our graph SLAM framework. p(z j x) of a readingz given the robot is at pos&. In



o

Fig. 3. (a) A Google Earth image of the Freiburg campub) The
corresponding Canny image. Despite the considerable glukte structure
of the buildings and the vertical elements are clearly v&sibl

our current system, we apply the so called endpoint mode
or likelihood elds [24]. Let zx be the endpoints of a 3D
scanz. The endpoint model computes the likelihood of a
reading based only on the distances between a scan zﬁoint
re-projected onto the map according to the pos# the robot
and the point in the mag which is closest t@? as:

p(zjx) = f(kz? dok;:::;kzd  dPk): )

By assuming that the beams are independent and the seng
noise is normally distributed we can rewrite (3) as .

0 0,2
(Zj dj)

Y
f(kz? dfk;::iikz? dlk) / e 7 : (4
i
Since the aerial image only contains 2D information about (d) (e)
the scene, we need to select a set of beams from the 3D _ o
Scan, which are likely to resull in siructures, that can %, (820 scan epresencd as 2 pot cloh The e nage o
identi ed and matched in the image. In other words, we ne&ghere the grey value represents the maximal height per cedl.dBinker the
to transform both, the scan and the image in a set of 2D poimtdor the lower the heighte) Extracted height variations from (d).
which can be compared via the functibi ).
To extract these points from the image we employ the
standard Canny edge extraction procedure [2]. The ideabehi
this is, that if there is a height gap in the aerial image,g¢her = . . . .
will often also be a visible change in intensity in the aeriafarations in he|gr_1t that are nqt purely verUgaI_ struce,rke
image and we assume that this intensity change is detected'5¢S ©" overhanglng .rOOfTS' This procedure is illustratethis
the edge extraction procedure. In an urban environmenh sgedvence of images in Figure 4.
edges typically correspond to borders of roofs, trees,é8nC |, our experiments, we considered variations in height of
or other structures. Of course, the edge extraction praeedy 5y and above as possible positions of edges, that codd als
returns a lot of false posmves_, that do not represent anyact e yisible in the aerial image. The positions of these viariat
3D structure, like street markings, grass borders, shadames ¢ |5tive to the robot can then be matched against the Canny

other at markings. All these aspects have to be considerg@ges of the aerial image in a point-by-point fashion, simil

by the sensor model. ) _ to the matching of 2D-laser scans against an occupancy grid
A straightforward way to address this problem is to seleﬁgap_

a subset of beamg, from the 3D scan which will then be

used to compute the likelihood. The beams which should Additionally, we employ a heuristic to detect when the
be considered are the ones which correspond to signi cgmtior is not available, i.e., when the robot is inside of a
variations along the direction of the 3D scan. For verticalbuilding or under overhanging structures. This is based on
structures, a direct matching between the extracted edges the 3D perception. If there is a ceiling which leads to range
the measurements of a horizontal 2D laser range scanner naasurements above the robot no global constraints from the
be performed, as discussed byilRrand Zakhor [9]. If a localization are integrated, since we assume that the aeea t
3D laser range nder is available, one can also try to matabbot is sensing is not visible in the aerial image.



C. Graph-based Maximum Likelihood SLAM

This section describes the basic algorithm on how to obtain
the maximum likelihood trajectory of the robot. We use
a graph-based SLAM technique to estimate the most-likely
trajectory, i.e., we seek for the maximum-likelihood (ML)
con guration as most approaches to graph-based SLAM.

In our approach, each noa¢ models a robot pose. The spa-
tial constraints between two poses are computed by matching
laser scans. An edge between two nodasndj is represented
by the tupleh i ; jii, where ; and ; are the mean and
the information matrix of the measurement respectivel\t Le
i (Xi;xj) be the error introduced by the constraimfii. Fig.5. The robot used for carrying out the experiments, qerdpvith a laser
Assuming the independence of the constraints, a solutionréoge nder mounted on a pan/tilt unit. We obtain 3D data bytcwmously
the SLAM problem is given by tilting the laser while the robot moves.

X

(X1;::05%x0) = argmin i (Xi;%)" jigi (Xi3%j): (5)
(X155 Xn ) b i

To account for the residual error in each constraint, we can
additionally consider the prior information by incorponat
the position estimates of our localization approach. Te thi
end, we extend Eqgn. (5) as follows:
X

(X1;::5;Xy) = argmin &i (Xi;Xj)T i € (XisXj)
(X155 Xn ) hisi i
X
+ (i R)TRi(xi %) (6)
i2G

where®; denotes the position as it is estimated by the local-
ization using the bird's eye image am} is the information
matrix of this constraint. In our approach, we compiRe
based on the distribution of the samples in MCL. We use non-
linear conjugate gradient to ef ciently optimize Eqn. (@he
result of the optimization is a set of poses which maximibes tFig- 7. Comparison between GPS measurements (blue crosseg)odadi
likelihood of all the individual observations. Furtherrapthe ﬁ]%slsztgr?gntgﬁo'ﬁscﬂzriﬂ%ﬂ 'Euti%?ngg,”i'vﬁ?raegeeggdaﬂ?;i?,ﬁzggs“l?i
optimization also accommodates the prior information &bouhavailable.
the environment to be mapped whenever such information
is available. In particular, the objective function encedie
available pose estimates as given by our MCL algorith
described in the previous section. Intuitively the optiatian
deforms the solution obtained by the relative constraiath p A. Experiment 1
to maximize the overall likelihood of all the observations
including the priors. Note that including the prior infortiven
about the environment yields a globally consistent estnoét
the trajectory.

me robot is equipped with more sensors, in the experiments
we only used the devices mentioned above.

* This experiment aims to show the effectiveness of the
localization on aerial images compared with the one achieva
with GPS. We drove our robot along a 890 m trajectory
through our campus, entering and leaving buildings. Thetrob
captured 445 3D scans used for localization and we recorded

) ] the GPS data for comparison purposes. The data acquisition
The described approach has been implemented and evglk approximately one hour.

ated on real data acquired witHvobileRobots Powerbawith Figure 7 shows a comparison between the GPS estimate
a SICK LMSlaser range nder mounted on ahmtecwrist  gnq the one obtained by MCL on the aerial view. By visual
unit. The 3D data used for the localization algorithm is agnspection the higher error of the GPS is obvious. Furtheemo

quired by tilting the laser up and down while the robot moveg;ps jtself does not provide the orientation of the robot,chrhi
The maximum translational velocity of the robot during datgisq is an advantage of using our approach.

acquisition was 0.35m/s. This relatively low speed allows t )

obtain 3D data which is suf ciently dense to perform scaB- Experiment 2

matching without the need to acquire the scans in a stop-andThe goal of this experiment is to evaluate the ability of our
go fashion. Figure 5 depicts the setup of our robot. Wheresgstem to create a consistent map of a large mixed indoor and

IV. EXPERIMENTS



Fig. 6. This gure shows a comparison of our system and a stah8&AM approach in a complex indoor/outdoor scenario. Thetereimage shows the
trajectory of the SLAM approach (bright/yellow) and thejeécory generated by our approach (dark/red) overlaid enGbogle Earth image used as prior.
On the left and right side detail views of the areas marked éncéénter image are presented, each including the trajectaryrep. The upper images show
the standard SLAM approach; detail A on the left side, and Bhenright side. The lower images show the results of our sységrain A on the left side,
and B on the right side. It is clearly visible, that, in costréo the SLAM algorithm without prior information, the map geated by our approach is well
aligned with the aerial image.

TABLE |
RESULTS FOR THE DISTANCES BETWEEN THE SELECTED POINTS ON THE
CAMPUS (SEEFIG. 8).

1-2 2-3 1-3
True 146.5m | 77.5m | 223.3m
Our approach (mean) 147.4m| 80.3m | 225.2m
Our approach (standard deviation) 0.09m | 0.61m | 0.62m
Graph SLAM (mean) 146.2m | 73.3m | 217.8m
Graph SLAM (standard deviation) 2.58m | 0.53m | 1.83m

has a smaller error and it does not require frequent loop
closures to bound the error of the estimate.

Fig. 8. The three points (corners on the buildings) we used¥waluation
marked as crosses on the map. V. CONCLUSION

In this paper, we presented an approach to solve the SLAM
outdoor environment and to compare it against a stateesf-tiproblem in mixed in- and outdoor environments based on 3D
art SLAM approach similar to the one proposed in [21].  range information and using aerial images as prior infoiwnat

We evaluate the global consistency of the generated mapslonincorporate the prior into the graph SLAM procedure,
both approaches. To this end, we used the dataset mentioned¢ utilize a variant of Monte-Carlo localization with a nbve
the section above. The trajectory overlaid on the aeriabgnasensor model for matching 3D laser scans to aerial images. In
of our campus can be seen in Fig 6. this way, our approach can achieve global consistency witho

On each of the two systems (our system using the aerie need to close loops.
image and the graph-based SLAM system using no priorOur approach has been implemented and tested in a complex
information) we did 10 runs on the acquired data, each tinredoor/outdoor setting. Practical experiments carried au
adding some random noise to the odometry measurementslata recorded with a wheeled robot demonstrate that our

To evaluate the global consistency of the maps, we manuadligorithm outperforms state-of-the-art approaches fovisg
measured the distances between three easily distingléshabe SLAM problem that have no access to prior information.
points on the campus and compared these distances to Ithsituations, in which no global constraints are availabler
corresponding distances in the maps (see Fig 8). approach is equivalent to standard graph SLAM techniques.

The result of this comparison is summarized in Table Thus, our method is a clear extension to existing solutidns o
Compared to SLAM without prior information, our approactthe SLAM problem.
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