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Abstract fully automatic.

Besides the practical considerations mentioned above,
We address the problem of extracting the road network there are several reasons that make this problem attractive
from large-scale range datasets. Our approachis fully auto from a scienti ¢ point of view. The consensus regarding
matic and does not require any inputs other than depth and modern scene understanding is that much can be gained by
intensity measurements from the range sensor. Road extracthe use of contextual relationships between the envirohmen
tion is important because it provides contextual inforrmati ~ and the objects. The road network provides rich contextual
for scene analysis and enables automatic content generainformation for both urban and rural environments, but its
tion for geographic information systems (GIS). In addition extraction is not without dif culties. Some of these dif -
to these two applications, road extraction is an intriguing culties are due to local extraction failures, because of oc-
detection problem because robust detection requires inte-clusion or illumination variations, while others are due to
gration of local and long-range constraints. Our approach the non-local nature of the constraints that need to be en-
segments the data based on both edge and region propertieforced. Besides being long-range, many of the constraints
and then extracts roads using hypothesis testing. Road exthat are desirable for roads, are often violated. For exampl
traction is formulated as a minimum cover problem, whose roads are in general straight and elongated. They intersect
approximate solutions can be computed ef ciently. Besidesat right angles and they are parallel to other roads. When
detecting and extracting the road network, we also presentthese constraints hold, they can aid the extraction process
a technique for segmenting the entire city into blocks. We signi cantly. For instance, Price [20] extracts the roadigr
show experimental results on large-scale data that cover afrom urban imagery ensuring that its topology is correct.
large part of a city, with diverse landscapes and road types. The system was very accurate for cities with “stereotypi-
cal midwestern US patterns”, but roads that deviated from
these patterns were not detected. The strict a priori en-
forcement of other constraints can lead to similar behav-
1. Introduction iors. Our approach integrates the constraints into eady pr
cessing stages, but allows signi cant deviations from them
Automatic road extraction has recently attracted the at- when other evidence suggests the presence of roads with
tention of the creators and providers of GIS content in tra- unexpected orientations or large curved segments.
ditional formats, as well as over the Internet and wireless  Our method operates on range data captured from air-
networks. This is due to the maturation of sensor and analy-borne LIDAR sensors utilizing both the 3D measurements
sis technology and increased consumer interest. Apart fromand the intensity response of the sensors. The latter is a
commercial applications, the extracted road network can bemeasure of the strength of the return pulse and is a func-
used for urban and emergency response planning. Progrestson of distance, but also of the material re ecting the lase
has been made since the early work of [1, 17], but the prob-The bene t of using the intensity of the LIDAR over regular
lem is far from being solved. In 2007, the DARPA Urban electro-optic (EO) imagery is that we do not need additional
Challenge [3, 15, 23] demonstrated autonomous navigation sensors and, most importantly, that it is not affected ly ill
but road locations where provided in GPS coordinates to mination variations and shadows. This property makes the
the participants. We present an approach for road detectiorappearance of materials fairly consistent despite the- pres
from airborne Light Detection And Ranging (LIDAR) data ence of shadows. The disadvantage of LIDAR data com-
that is applicable to large-scale datasets that is of ing, b pared to images is lower resolution.



Our segmentation approach combines region and edgg18] consider low, mid and high-level features in a learning
information and is able to enforce desirable properties dur approach implemented in the form of a multi-layer neural
ing the extraction and not as post-processing steps (®ectio network. Dal Poz et al. [6] propose a rule-based system that
4). A fundamental characteristic that distinguishes roadsinitially forms straight road fragments by chaining road-se
from other asphalt-paved surfaces, such as parking lots, isnents. Proximity and collinearity are then used to complete
elongation. Unlike previous methods, our approach doespartial detections. Mayer et al. [14] compared six meth-
not classify regions as potential roads and then searches foods for automatic road extraction on a benchmark of high-
elongated structures among these regions. The minimunresolution aerial and satellite images. The methods censid
cover formulation [8] of the problem imposes a preference either edges or regions, but not both. The conclusion from
for a set of long, straight segments that explains the heatthis study was that good performance can be attained auto-
map of road likelihood while incurring minimum cost. matically for medium complexity rural scenes, but not for

In addition, we show how the road network can be used dense urban areas. Moreover, many of the techniques do
in a hierarchical framework for analyzing urban datasets. not scale up to datasets of realistic sizes.

Speci cally, we use the computed road likelihood to seg-  We now turn our attention to methods that use LIDAR as
ment city blocks. This provides a natural way to divide the main input modality. Hu et al. [11] rely on LIDAR data
very large urban datasets into manageable yet semanticalising images for veri cation. They segment the LIDAR
meaningful blocks. Subsequent analysis can then focusdata according to intensity and use a hypothesize and test
on each block separately in order to detect buildings andscheme that employs iterative Hough transforms and topol-
smaller objects. Our approach is based on the Normalizedogy analysis to favor a grid structure. Results on a datdset o
Cuts framework [21] that consideistervening contours  10.6 million LIDAR points are shown. Clode et al. [5] pre-
between points [13] and is able to segment blocks even ifsented a region growing approach for road extraction from

road detection has missed segments of the road. airborne LIDAR data. It can be combined with building
and tree detectors to improve the accuracy of the extrac-
2. Related Work tion. The region-growing process, however, makes decision

at the pixel level and cannot favor elongated regions. Roull

In th.'s sectlpn,.we b.rle y review related work on road et al. [19] present an approach that bears some similarities
extraction beginning with approaches that require a road,y i o, work. They use Gabor Iters to detect local edges
database and aim at u_pda_tlng It Representatw(_e work nd tensor voting to infer longer contours based on the sup-
on road database updating includes that of Bgltsawas "’_m_cﬁort they receive from their neighbors. Graph cuts [4] are
Zhang [_2]' The proposed system oper_ates on images, d'g"used to segment the image according to the dominant con-
tal tgrram models (DTMS) and g_eospaual databases. Ilsfus_e tour orientation at each patch. Finally, the outputs ofréte
multiple cues and relies on detailed models and rules fer dif

) . that respond to road boundaries and interiors are used as
ferent types of roads. Grote et al. [9] also aim at assessmﬁr

. _ ' nput to an iterative Hough transform that extracts straigh

road databases. The normalized cuts algorithm [21] is use oad segments.
to segment the image using color, edges and road color in-
formation. T_he latter can.be learned from the images since3. Overview of the Approach
road centerlines are provided by the database.

A more challenging problem than road database assess- This section provides a summary of the processing steps,
ment is road extraction from images without the aid of a which can also be seen in Algorithm 1. We start by extract-
database. Laptev et al. [12] addressed road extraction inng ground planes from 3D point cloud data using a simple
scale-space by modeling roads as curves at coarse scalesegmentation technique (Section 4.1). An aspect of this ste
and ribbons at ner scales, achieving good performance worth emphasizing is that our algorithm does not extract a
on rural scenes. Hinz and Baumgartner [10] advocate asingle ground plane, but is able to extract multiple approx-
knowledge-based approach with detailed modeling of roadimately horizontal planes on which roads may exist. This
categories that operates on multiple images and DTMs.enables the detection of roads at different elevationsh Suc
Youn et al. [26] exploit the distribution of edges in the situations are encountered in areas with steep cliffs, &her
image to search for roads along the dominant edge direc-a road may run at the bottom of the cliff while another road
tions. A sequence of hierarchical clustering steps folidbwe may run at the top. See Fig. 4(b) for an example.
by adaptive snakes is employed to detect likely roads and The ground planes cover all the roads, but typically con-
intersections. Stoica et al. [22] formulate the problem of tain many other objects such as grass, sidewalks and parking
extracting the road network using Gibbs point processes.lots. Height, however, is not a good cue for further discrim-
Roads are treated as lines with no width, but complex re-ination. Therefore, once the ground has been identi ed, 3D
lationships and constraints between them can be modelegoints of the ground planes are projected to generate a 2D
using a Markov Chain Monte Carlo scheme. Porikli et al. map of LIDAR intensity values. The task of road extraction



(a) Input 3D point cloud (b) Ground plane (c) 2D intensity (d) Segmentation

(e) Edge

o

(h) Extracted roads (9) Min cover (f) Voting map

Figure 1. System overview. Given input 3D point cloud (a);, system rst extracts multiple ground planes marked in bluéb). The
ground planes contain roads mixed with other objects sudrass, sidewalks, parking lots, playgrounds, and possiliBw errors on
low buildings. All the ground points are then projected oat2D image (c) with their laser intensities. Region segntattdd) and edge
detection (e) are performed on the image to generate boyrahar interior features for roads. These local featuresrasgiated into
multiple heat maps (f) representing the likelihood of roadih different widths. A minimum cover algorithm extractset salient road
regions to explain the heat maps and automatically seleaotd widths, as shown in (g). Road points are transformekltoes3D and the
nal road extraction result is shown in (h). This gure is hegewed in color.

is now reduced to a search over these 2D maps. Algorithm 1 Road Extraction

In order to process very large datasets, we divide them 1: Extract multiple ground planes.
in square tiles which are small enough so that computa- 2: Projectintensities of ground points to 2D mdps
tional cost is low, but large enough so that the property of 3: Detect edges and perform region segmentatioh as-
roads to be elongated can be captured. We have found that  ing [16, 21].
300m 300m tiles provide a good trade-off between these 4 Compute the strengths of boundary and interior features
requirements. We divide the data in such tiles with signif-  using Eq. (1) and Eq. (3).
icant overlaps and focus on extracting the roads correctly 5: Generate road likelihood mapusing Eq. (5).
at the center of each tile. In practice, the tiles overlajrthe  6: Extract dominant road regions with the correct widths
neighbors byl0Om on each side. from L using minimum cover (Algorithm 2).

We then perform segmentation on the tiles to obtain a set 7 1ransform the road regions back to 3D points for visu-
of segments on which we reason (Section 4.2). Two types___alization.
of road featuredyoundary featureandinterior featuresare
generated from both segmentation boundaries and edge de-
tection on the 2D map. We accumulate these features to4.1. Ground Plane Detection
vote for rectangle hypotheses for roads, and combine them

to obtain a heat map of road likelihood (Section 4.3). The rst step is to extract all possible ground planes.
This is necessary since our datasets, and many areas in the

_world, contain multi-level terrain. We use a simple cluster
ing procedure based on [7] that groups LIDAR points ac-
cording to theirx;y;z coordinates. The result is a large
number of clusters, typically several thousand, for each
tile. This grouping allows us to compute properties for
each cluster and classify them as potential parts of a ground
4. Road Extraction plane.

Given clusters of 3D point€ = fCy;Cy;::;;Chg, we
_ In_ this sec.tion, we present our approach for road extrac-.gp classify them as potential ground clust@gund ac-
tion in each tile. cording to the following criteria:

Finally, aminimum coveglgorithm is used to nd a set
of road segments which best cover this likelihood map (Sec
tion 4.4). The road widths are selected automatically via
competitions of segments with different widths in the mini-
mum cover process.



+1
Planarity. Compute PCA of the points i@;. Let 1

2 3 0be the eigenvalues. If3=( 1 + 2+
3) Tpianar » PruneC;. This removes all the non-
planar segments. In practice, we $ghnar = 0:0L

Vertical normal. Let uz be the smallest eigenvector
of PCA of the points. 1k(0;0;1)" usk  Tyer .,
pruneC;. This removes all planar segments that are
not horizontal. We us@yer = 0:98, which allows
roads with a slope up tb1:5 .

After pruning clusters that cannot be parts of the ground, ~__- _
we extract ground surfaces by grouping adjacent clusters (b) Interior lter F .
in Cyround - These surfaces are further pruned by removing |T|gure 2. Bour:jdary and mu:]nor fﬁatures. (a)_S“p?”I:“p"'fes
those that are too small. Since height variations are small i ;s;g:%; ;O:n dsigm:rgf’ :’("3 derr: tioﬁ %riegiﬁﬁ;:' 0(;) :hosvz
these surfaces, ttecoordinate is dropped and 2D LIDAR g ) Y.

. oo d with lutior0am the value off ™ w.r.t. edge orientation. Note that orientations
intensity images are generated with a resolutior0'd almost orthogonal to the road direction have valyeninimizing

per pixel. The next processing steps are applied on thesgne effect of the crosswalk markings shown in the image.
images.

4.2. Road Feature Extraction interior edges are mainly caused by markings and separa-

tors on the road surface, which are approximately parallel

¢ Slhapg a_lnd ap%eara_nce a;'e both ezsenn_abl TﬁaiurmeQE?the road orientation. Therefore, we introduce the follow
or classifying roadregions. riere, we describe the teature ing Iter to measure the strength of these edges:
that are used in Section 4.3 to generate road hypotheses.

To capture the shape of long and straight road boundaries, g 1 if (min( ; ) 2)A(xy)2B
we introduce théboundary featurecomputed by convolu- int oy 1, if(2< min(; y< =2 )n
tion with a polarized rectangular Iter. We have also notice FT(xy)= > (x;y)2B

that the texture of road regions typically has a strong regu- " 0, otherwise

larity which can be identi ed by thénterior feature The 3

two types of features are de ned as follows.
Here 2 [0; ]is the edge orientation, = 15 is the

toleranceand = f(x;y): (jyj w2)* (0 x “2)g
is the rectangular support of the Iter (see Fig. 2). Similar

Boundary feature. Road segments are bounded by long
and straight lines. Hence we de ne a 2D boundary lter as:

( 1: f(w y 0AO0 x 1) to boundary feature, the induced strength is measured by
E bd(X; y) — 1 if (0 y Wl) A (0 X \l) convolution
0; otherwise ) X
1) s (x;y) = Fnt E(xy; ) 4)

where(x;y) are the pixel coordinates; andw; are the
length and width of the Iter. The boundary IteFq is
similar to the canonical edge Iter [16], but tuned to de-
tect long and straight boundaries (see Fig. 2). The polarity
of this Iter assumes that the laser intensity on the road is
lower than its surroundings (road is darker). Road bound-

aries can be detected by convolving the intensity imlage .
with F bd: Y d Y IMage 4 3. Road Hypotheses Generation

whereE(x;y; ) is the edge map. Edges are detected us-
ing [16] which outputs both the orientation and strength of

edge pixels. Note that we do not penalize edges whose
orientations are orthogonal to the road direction (hence
Fint (x;y) = 0) to tolerate intersections and crosswalks.

s b _ We generate road hypotheses from the boundary and

S*(y) = F™ 1 (xy) ) interior features described above. To balance accuracy

. . . . and ef ciency, we sample hypotheses from region segment

We choose ltering as opposed to line tting to give more ), ndaries instead of edges or all image pixels. Region

tolgrance to curved roadfs. We construct the mirror image Ofsegmentation, such as the normalized cut algorithm (NCut)
F " to detect the other side of the road boundary. [21], can often capture faint boundaries missing from sim-

Interior feature. The agreement of interior edge orienta- ple edge detection. We take the laser intensity image as
tions to the road direction is also an important feature. The input and apply NCut on it using intensity similarity as the



only feature. The image is over-segmented to 100-200 re-
gions in order to recall most of the road boundaries. As
seenin Fig. 1, these region boundaries provide a set of much
sparser yet accurate hypotheses compared to edges.
Road hypotheses are parameterized as rectangular win- ——
dowsH = fH;i(Xi;vi; i;wi; i);i = 1;::;ng, where —_— IEZ
(Xi;¥i), i, w; and’; are top-left corner, orientation, width
and length of windowH;. Corners of windowsx; ;y;) are
sampled from long and straight segmentation boundaries.
The orientations; are obtained from the local maxima in
the hlsmgram. of edge orientations weighted by edge rnag_Figure 3. Minimum cover. There are three typical scenaiios,
nitude. The widthw; is sampled frolem t0 25m a_nd the which green rectangles are chosen over red rectangles:tdr) de
lengthl; is sampled fror40m to 300m in our experiments.  ine whether to terminate or not; 2) different orientatigh:se-

For each windovH;, we compute its boundary and in-  jecting road width. In 3), there is an ambiguity of splittithg road
terior feature strength by convolving with Iters Pd(H;) into two lanes, or merging them.
andF ™ (H;) using Eq. (2) and (4), with the window;
as support. Images are rotated by different anglémfore ) i i i
applying these lters. Convolutions on a large set of rect- Addresglng_these_problems requires long-range informatio
angular windows can then be computed ef ciently using in- Integration in addition to local road features.
tegral images [25]. Only windows wit8" andS™ both An intuitive idea is to explain the likelihood maps by the
higher than certain thresholds are considered as valid hy-SParsest set of road segments. We formulate this idea as

potheses. Windows with similar widthform a hypothesis ~ cOvering the likelihood mapsy using a set of road hypoth-
SetHxaIid = fHij Sad xy)  Tha: Sli_?t <y) T g esis windows with the minimum cost. This is known as the

minimum cover probletf24] in which there is a universe of
elements, a collection of subsets and a cost function de ned
on the subsets. One would like to nd the subcollection

Each valid window casts a vote for the pixels it covers.
Votes are accumulated in a likelihood map:

Le(xy) = 6aSPGY) + e S™ (Xy) (5) from these subsets c_overing the elements with the minimum
W, 2H vaid total cost. In our setting, the sets and elements are:

‘ Elements.We generate see® = fs; g by sampling
whereSPd(x;y) andS™ (x;y) are the boundary and inte- the rectangle centerlines of road hypotheses. The sam-
rior feature strength induced by hypotheis The coef - pled points are chosen instead of pixels in the likeli-
cients pg and i balance the two scores. The likelihood hood map for computational ef ciency.

L(x;y) is further capped by a threshdlghay , above which Sets.Rectangular hypothesés= fRy;:::;Rng from
we are con dent thafx; y) belongs to the road and higher the hypothesis generation step. We also create dummy
likelihood does not make any difference. sets which cover only a single seed.

To select road width in the later process, we generateEach one of the hypothesBs has a cost computed by:
separate likelihood mayts, from hypothesis windows with X
different widths. Each heat map contains road hypotheses Cost(Rj) = C(sj)+ A (6)
of all orientations (see Fig. 1(f)). The advantage of com- sj 2R

bining all the orientations into a single heat map is that in-

tersections will gain more support from roads connecting WhereC(sj) =1 L ()= max measures t_he cost of cov-

to them. This integrates information from long range and ering a sees; . The constan favors choosw_]g_ fe_w_er rect-

alleviates the problem that local features tend to miss-inte angles. We seek to extract a sutRet R minimizing:

sections which are not elongated. X X L(s)
Costeover (Rs) = Cost(Ri) + . D

4.4. Final Detection as Minimum Cover Ri2R s s§2Rs

The nal detection step is to detect road regions by com- The rst summation computes the cost of coveringRy.
bining hypotheses generated from the previous step. KeyThe second summation counts the loss of missing seeds, or
issues of this step include 1) determining the extent of roadequivalently the cost from the dummy sets. The result will
regionsj.e. distinguishing the cases of road termination vs. cover as many good seeds as possible by competition of
broken road hypotheses due to corrupted signals or occlu-overlapping hypotheses (see Fig. 3).
sion; 2) consolidating multiple road hypotheses with dif-  The minimum cover problem is NP-hard in general, but
ferent orientations; and 3) selecting the correct roadtwidt a greedy algorithm can achieve a solution within a constant



(a) Occlusion (b) Multi-level ground planes

(c) Non-orthogonal junctions (d) Curved roads
Figure 4. Screenshots of road extraction results. Eacherslagws a view of a tile that presents particular challengbe.roads have been
marked in green in all cases. From left to right, top to bottbmchallenges are: (a) severe occlusion by trees and igslid{b) roads on
multiple level ground planes; (c)non-orthogonal juncsipd) non-orthogonal roads and parking lots.

factor of the optimal cover [8]. We minimize the covering 4.5. Dataset and Results
cost Eq. (7) by sequentially nding the hypothe8ls with

the lowest cost density: We present results on a large point cloud (166 million
. X C(s)+ A points) that covers an area®m 3km in Ottawa, Canada.
Density (R) = , ——— (8) The data were collected by airborne LIDAR sensors and are
Si leg:'::;{R LRI e Ry publicly availablé. Because the collection was performed
Sj i

in multiple ights, the dataset is inhomogeneous with vary-
d ing density and sampling patterns. The dataset also inglude
points captured by terrestrial sensors. We do not use these
points because data density would be suf cient to detect the
roads on which the vehicle drove in a trivial way. No im-
tions with small numbers of larger rectangles that cover ar- 28965 a'€ available, but each pointhas RGB valu_es associated
eas of relatively higher cost, due to occlusion or noisesThi with It Thes_e values are not used for processing, bu.t only

for visualization. A large part of the dataset is not avd#ab

allows us to enforce desirable properties, such as elonga . S . o
tion. The process is terminated if all the seeds have beerflt the above website resulting in wide stripe of missing data

covered or the cost densifensity (R;) is too high. The thatis visible in the gures.

process is summarized in Algorithm 2. Figure 4 shows screenshots of 3D models that present

particular challenges to our method, as well as the extrac-
tion results. Figure 5 shows the extracted road network for

: Generate seeds SetRs = ;. the entire dataset. All results are generated with xed set-

2: Repeat tings for the parameters.

3. FindR; with the minimum density Eq. (8).

4:  Update the seeds covered by all the hypotheses.

5: Until seedsS are all covered dbensity (R;j) > D max -

wherejR; n S L:i Rkj is the number of new seeds covere
by R;. Recall that the constaAtpenalizes against solutions

with extremely large numbers of very small rectangles. By
adding a xed cost to each rectangle, we can obtain solu-

Algorithm 2 Minimum cover

=

Ihttp : ==www:daytachio:com=Wright g tate 100:php



(a) Extracted road network (b) Detail
Figure 5. Screenshot of the road network for the entire pdioud that contains 166 million points and cov8rs 3km. Our approach
successfully extracts roads with varying width, large edrgections and bridges with limited false positives andetugetections.

5. City Block Segmentation extended to extract other ribbon-like structures by consid

. . ering appropriate features and selecting an appropriate pa
City blocks can be segmented using the extracted roadsramgteﬁgatir())n for the hypotheses ¢ PRrop P

as boundaries, providing a natural partitioning of the data . .
. . The most urgent future work is a formal evaluation of
for further processing. The challenge is that the detected ;
. . the current results. We plan to undertake this manually-
roads are not necessarily closed, therefore simple comhect . . )
component or areedy redion arowina would create leaka emtenswetasksoon and provide results for completeness (r
b 9 yregion g 9 9 call) and correctness (precision) not only on road cemterli

on blocks. We use NCut [21] to segment the city blocks detection, but also on width and regions of special interest

and borrow the idea of “intervening contours” from image . . . ;
) . .=~ such as junctions, partially occluded roads in dense, urban
segmentation [13] to incorporate roads. A graph consisting” . . ' . .
regions and faint, dirt roads in rural regions.

of projected 2D points is constructed and each ppiny)

has a road likelihood (x; y) from the road extraction step. References
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Figure 6. City block segmentation on Ottawa. The left guh®ws the segmentation of city blocks on the entire city usiegextracted
roads. Extracted roads are marked in dark grey and city blaok marked in distinct random colors. Zoom-in views ofémegions are
shown on the right. The segmentation is highly accurategnleg street blocks as well as irregular suburban regiohs.3D point clouds
are subsampled by a rate of 8 for display purposes and the guvest viewed in color.

(7]
(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

P. Felzenszwalb and D. Huttenlocher. Ef cient graptséa
image segmentationJCV, 59(2):167-181, 2004.

P. F. Felzenszwalb and D. McAllester. A min-cover apjitoa
for nding salient curves. InNorkshop on Perceptual Orga-
nization in Computer Visigr2006.

A. Grote, M. Butenuth, and C. Heipke. Road extraction in
suburban areas based on normalized cutslnternational
Archives of Photogrammetry, Remote Sensing and Spatial
Information Sciences, 36 (3/W494Rges 51-56, 2007.

S. Hinz and A. Baumgartner. Automatic extraction ofamb
road networks from multi-view aerial imagerySPRS J. of
Photogrammetry and Remote Sensisg(1):83—98, 2003.

X. Hu, C. Tao, and Y. Hu. Automatic road extraction from
dense urban area by integrated processing of high resolutio
imagery and LIDAR data. [IISPRS Congres2004.

I. Laptev, H. Mayer, T. Lindeberg, W. Eckstein, C. Stege
and A. Baumgartner. Automatic extraction of roads from
aerial images based on scale space and snakashine Vi-
sion and Applications12(1):23-31, 2000.

T. Leung and J. Malik. Contour continuity in region-keds
image segmentation. BCCV, page |: 544, 1998.

H. Mayer, S. Hinz, U. Bacher, and E. Baltsavias. A test of
automatic road extraction approaches.Plmtogrammetric
Computer Vision2006.

M. Montemerlo, J. Becker, S. Bhat, H. Dahlkamp,
D. Dolgov, S. Ettinger, D. Haehnel, T. Hilden, G. Hoff-
mann, B. Huhnke, D. Johnston, S. Klumpp, D. Langer,

[17] R. Nevatia and K. Babu.

(18]

[19]

[20]

[21]

22]

A. Levandowski, J. Levinson, J. Marcil, D. Orenstein, J.-Pae [24]

fgen, I. Penny, A. Petrovskaya, M. P ueger, G. Stanek,

D. Stavens, A. Vogt, and S. Thrun. Junior: The stanford entry [25]

in the urban challengdournal of Field Robotics25(9):569—
597, 2008.

M. C. Morrone and R. A. Owens. Feature detection from
local energy. IrPattern Recognition Letterd 987.

[2

6]

Linear feature extraction and
description. Computer Graphics and Image Processing
13(3):257-269, 1980.

F. Porikli, J. Shao, and H. Maehara. Extracting roadsnfr
aerial images using feature based classi erslARR Conf.

on Machine Vision Applicationg005.

C. Paullis, S. You, and U. Neumann. A vision-based syste
for automatic detection and extraction of road networks. In
WACYV, pages 1-8, 2008.

K. Price. Road grid extraction and veri cation. Inter-
national Society for Photogrammetry and Remote Sensing
pages 101-106, 1999.

J. Shi and J. Malik. Normalized cuts and image segmenta-
tion. PAMI, 22(8):888-905, 2000.

R. Stoica, X. Descombes, and J. Zerubia. A gibbs poiot pr
cess for road extraction from remotely sensed imagksyV,
57(2):121-136, 2004.

C. Urmson, J. Anhalt, H. Bae, J. Bagnell, C. Baker, R- Bit
tner, T. Brown, M. Clark, M. Darms, D. Demitrish, J. Dolan,
D. Duggins, D. Ferguson, T. Galatali, C. Geyer, M. Git-
tleman, S. Harbaugh, M. Hebert, T. Howard, S. Kolski,
M. Likhachev, B. Litkouhi, A. Kelly, M. McNaughton,

N. Miller, J. Nickolaou, K. Peterson, B. Pilnick, R. Rajku-
mar, P. Rybski, V. Sadekar, B. Salesky, Y.-W. Seo, S. Singh,
J. Snider, J. Struble, A. Stentz, M. Taylor, W. Whittaker,
Z. Wolkowicki, W. Zhang, and J. Ziglar. Autonomous driv-
ing in urban environments: Boss and the urban challenge.
Journal of Field Robotics25(8):425-466, 2008.

V. Vazirani. Approximation Algorithms Springer-Verlag
New York, 2004.

P. Viola and M. Jones. Robust real-time object detectia
1JCV, 2001.

J. Youn and J. Bethel. Adaptive snakes for urban road ex-
traction. InISPRS Congres2004.



