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Abstract 

The goal of this study is to detect the main road network 
in high resolution, panchromatic SPOT satellite images. We 
describe an automatic procedure for road detection which 
has the following advantages over the previous approaches: 
(i) it does not require manual initialization, ( i i )  it is able to 
detect some of the secondary roads in addition to the main 
highways, and ( i i i )  the detection time is small (N  3 min) even 
on large images. 

1 Introduction 

The goal of this study is to detect the main road network 
in high resolution, panchromatic SPOT satellite images, with 
possible applications to automated cartography. For about 
twenty years there has been an intensive effort to produce 
fully automatic software for road extraction from satellite 
images [ 1,2,4,6] but, despite this effort, there is no soft- 
ware sufficiently reliable for practical use. Among the well 
known methods for road detection we mention those based 
on finding the path with minimal cost between two specified 
nodes in a graph using dynamic programming (Fischler et 
al. [l], Merlet and Zerubia [4]), and the active testing ap- 
proach of Geman and Jedynak [2]. All these methods em- 
phasize the fact that road detection is a global problem (a 
road can only be defined at the scale of the whole image) 
and, due to computational limitations, are faced with a trade- 
off between the size of the images that can actually be pro- 
cessed and the intervention of a human (manual selection of 
the road ends [4] or of a point on the road along with the 
road direction at that point [2]). Though we agree that de- 
termining if an image structure represents a road is a global 
problem, we also believe that deciding where to start con- 
structing the structure can be solved more locally. This paper 
describes an automatic procedure for road detection/tracking 
in SPOT images which is based on two stages: (i) a partial 
detection stage finds several salient pieces of road (subse- 
quently called “road seeds”) in the input image, and (ii) a 
full tracking stage constructs a “road tree” for each seed and 
selects the best path in the tree as corresponding to a road. 

2 Method description 

A road can be modeled as a continuous line, nearly linear 
on small pieces, that differs somehow in contrast from the 
adjacent terrain [2]. One can notice that in small images 
(256 x 256) a road generally begins at a border of the image 
and ends at another border, and this remains true only for a 
few highways in a large image (1024 x 1024) (see Fig.2). 
Therefore, the properties considered to define a road are: (i) 
piecewise linearity, (ii) connectivity, (iii) homogeneity, (iv) 
separability from the nearby background and (v) length. 

1. Preprocessing. The histogram of the input image is equal- 
ized in order to enhance the contrast and make possible that 
a set of fixed threshold values have similar outcomes on dif- 
ferent images. 
2. Construction of a partial road structure composed of sev- 
eral road segmentslarcs (“road seeds”). A road seed is de- 
fined as a parallelogram shaped region of the image, 2-4 pix- 
els wide, 10-15 pixels long, which is visually homogeneous 
and well separated from the nearby background. We attempt 
to detect road seeds by finding their cross-sections parallel to 
the image axes; horizontal cross-sections are used for con- 
structing road regions which are rather vertically oriented 
(e.g., the road seed in Fig.l(a) is composed of the horizon- 
tal cross-sections AlBl through AloBlo, and although all 
seeds contain the same number of cross-sections, 10, their 
actual lengths vary depending on the orientation with re- 
spect to the image axes), while vertical cross-sections are 
employed for rather horizontal road pieces. 

Since we assume that a road seed is separable from the 
background, it follows that each cross-section through the 
road seed should be separable from its 1D background. 
Therefore, one can detect road cross-sections by clustering 
adjacent pixels on each rowlcolumn of the input image, such 
that the clusters obtained are visually homogeneous and sep- 
arated. We employed a version of the agglomerative hierar- 
chical class of clustering algorithms [3] (with inter-cluster 
similarity given by group-average distance) that takes into 
account the fact that the points of interest have a 1D spatial 
structure. Bidimensional pieces of road can subsequently 
be constructed by connecting clusters (1D pixel segments) 

Our approach consists of the following steps: 
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on consecutive rowsfcolumns. Since roads are usually 2-3 
pixels wide, the only subjects considered for connecting are 
segments at most four pixels long whose corresponding end- 
points are no more than two pixels shifted one from the other 
(in order to enforce piece-wise linearity). Such segments are 
connected if their average gray values differ by no more than 
a small threshold E (typically 15 for a 256 gray-level image). 
The connection is actually a pointer from a cross-section to 
its “predecessor” on the row right above it (see for example 
the pointer from A3B3 to AZB2 in Fig.l(a)). If each cross- 
section is considered to be a vertex, we obtain a tree, because 
there may be more segments on a row which may continue 
the same segment on the previous row. However, it is also 
possible that a given segment may succeed to more than one 
segment on the previous row; and since it is more difficult 
to handle arbitrary graph structures, we chose to assign it 
to the longest already constructed tree. Most of the time, 
this heuristic produces the desired outcome, although occa- 
sionally, the real road at a given location is not represented 
by the longest tree, and the resulted tree structure does not 
correspond to a road. After the entire image has been pro- 
cessed, we are left with a partial road structure composed of 
several trees of different depths and widths. Due to the con- 
servative value of E ,  the trees are relatively short. However, 
they are homogeneous and can be well separated from the 
nearby background. This incomplete road structure serves 
for defining the road seeds: disjoint sets of 10 consecutive 
road profiles (schematically shown in Fig. l(a)) are extracted 
from the longest path of each tree. Empirical statistics show 
that most such regions in a SPOT image are actually part of 
the road structure (see Fig.2(a)). 
3. Full road tracking. Each road seed found in Step 2 is 
used as the first arc of a road tree whose remaining arcs are 
constructed based on the assumption that roads are piece- 
wise linear (see Fig.l(c) and Fig.2(b)). Finally, the best path 
in each road tree is reported as corresponding to a road. 

Let Y and Z be two pixels in the input image. The 
line segment YZ is defined as the set S(YZ) formed by 
the pixels which immediately surround segment YZ (e.g., 
A I ,  ..., A10, B1, ... B10 in Fig. l(a)). We define the proba- 
bility P(YZ) of a segment YZ corresponding to a road region 
based on a local filtering of four pixel cliques along YZ. An 
elementary clique is a pattem of four pixels (p ,  r ,  p’, r’) in 
S(YZ) arranged like in Fig.l(b). To each clique ( p ,  r,p‘, r’), 
we associated a filter (an extension of the qualitative filter 
introduced by Geman and Jedynak [ 2 ] )  based on two pairs 
of close parallel profiles (pa, p’b’, rb and r’a’ in Fig.l(b)) 
approximately perpendicular to YZ. The profiles are in- 
tended to be two pixels long, as well as the distance be- 
tween the farthest pairs (e.g., pa and rb), but due to digi- 
tization, the actual lengths can vary slightly depending on 
the orientation of YZ. The image response to this filter mod- 
els the fact that two pixels located in close proximity and 
both belonging to a road are expected to have a smaller 
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Figure 1. The definition of a road seed (the 
dashed region Al ,  A2, .., AIO, Blo, ..., B1) (a), 
schematic drawing of a clique (b), and a road 
tree in the full tracking stage (c). Each arc 
represents a piece of road of length approxi- 
mately equal to that of the starting seed. 

intensity dzzerence than two pixels belonging to different 
structures (road and background). Let I ( t )  denote the im- 
age intensity at pixel t. We define the output of the filter 
associated with the clique ( p ,  r ,  p’, r’) as c(p,  r, p’, r’) = 
c1 ( p ,  r,p‘, r’) + cz ( p ,  r ,  p’, r’) where c1 ( p ,  p’, T ,  r’) = 1 if 

0 otherwise; and c2(p,p‘,r,r’) = 1 if II(T) - I(p’)l < 
min ( I I (r)  - I(b)l, II(p’) - I(b’)l) and 0 otherwise. The 
overall filter response for a line segment in the image is the 
sum of the individual responses of all elementary cliques 
along that segment. The probability P(YZ) of YZ corre- 
sponding to a road segment is defined as the normalized (by 
the number of cliques along Y 2) filter response: 

IqP) - I(r’)l < min (II(P) - I(a)l, Nr’) - I(a‘)l), and 

W , Z )  = ( (C1(P,T,P‘,T’) +c2(P,T,P’,rr)))/ 
(p,r,p‘,r’)clique along Y Z  

( 2  x # of cliques along Y 2). 
The following tracking procedure is applied to each road 

seed XOYO constructed in Step 2: 

Algorithm 1 (Road tracking) 
Input: A road seed XOYO. 
AO. Initialize a tree queue Q = {XOYO}. 
While Q # 0, execute Steps A1 and A2. 

A l .  Set the current arc XY equal to the top of the queue: 
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XY = Top(Q). 
A2. Prolong the current arc X Y  with almost collinear 

segments Y Z 1  ,..., Y Z n  of lengths approximately equal to 
I IXY I I (Fig.l(c)). The number of possible prolongations re- 
flects the prior knowledge one has about the road curvature. 
For this study, we chose n = 11 covering a road curvature of 
[-45O, +45O]. Appendto Q all arcs YZi, i E {1 ... n}  which 
may continue the tree path ending in XY. A candidate arc 
YZi can be a continuation of the path ending in XY if it 
satisfies the following two conditions : 

C1. Gray value homogeneity. Most (66%) pixel values 
along Y Zi do not differ from the gray level average of the 
path ending in Y by more than a threshold T1. 

C2. Separability from the background. The probability 
P( Y Zi) associated to the segment Y Zi exceeds a threshold 
T2. 
B. Execute Steps AI ,A2 with the tree queue initialized to 
YoXO. In this way, the road containing the seed XoYo is 
tracked in both directions. 
C. After the two trees rooted in &YO and YOXO are con- 
structed in Steps A and B, determine the path of maximum 
probability in the combined tree. If this probability exceeds 
a threshold T3 and at least one of the two trees ends at an 
image border, report a road corresponding to this path. 

In order to make the implementation fast, the road seeds 
which are sufficiently close to an already detected road are 
discarded. 

3 Experimental results 

The method presented above has been used to implement 
an automatic road tracking system. In order to determine the 
values of the required parameters we performed the follow- 
ing experiments: 

1. Determine the average gray level difference beyond 
which two adjacent 1D pixel clusters can be visually sep- 
arated. For being effective, these measurements have to be 
done on SPOT images; they give different results on other 
type of images and, in our case, they do not seem to obey 
Weber’s law [ 5 ] .  

2.  Statistical analysis of the gray level homogeneity of 
the pixels which belong to the same road, in order to find 
the thresholds E and T1 used for connecting two adjacent 
cross-sections (Step 2) or road arcs (Step 3). 

3. Statistical analysis of road pixels in order to find the 
best filter arrangement and the maximum response to differ- 
ent types of roads. 

The data set we have used for testing the algorithm con- 
sists of 12 SPOT images with dimensions between 256 x 256 
and 1088 x 1088. The results have been compared to the 
map of manually tracked roads in the following way: an im- 
age line segment was considered to be well labeled as a road 
segment if it was at most 3 pixels away from a manually 

tracked road. We defined the accuracy of the method as the 
ratio between the number of well labeled segments and the 
total number of classified segments. 

Some of the detection results are presented in Fig.2. 
Figs.2(a-b) show the road seeds and the road tree constructed 
from one (the uppermost) of these seeds. Fig.2(c) shows the 
road structure detected in two images of size 1024 x 1024 
(shown only partially). Each road is tracked independently, 
we currently do not explicitly integrate the results of mul- 
tiple trackings. Both highways, as well as the longest sec- 
ondary roads, were detected, despite the fact that they do 
not have the same width. There may be some road portions 
which are not easily separable from the background; they 
are shown using black arcs in Fig.2. The time required to 
track the road network present in a 1024 x 1024 image us- 
ing our method is about 3 minutes (on a Sun UltraSparc lo), 
slightly more if many roads are present. The average accu- 
racy of our method (computed as described above) over the 
12 test images has been found to be about 90%. 

4 Conclusions 

An automatic procedure for road detection in SPOT satel- 
lite images has been presented. The method appears to be re- 
liable and robust provided the images are of relatively good 
quality. The results exhibit a 90% accuracy over a 12 image 
test set and might be improved by adding more sophisticated 
criteria to decide if a path in a tree is a road. 
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Figure 2. Results produced by our road network detection method on two SPOT images of Toulouse 
region (France). (a) Road seeds used as starting points for road tracking. (b) Road tree constructed 
from the uppermost seed in (a). (c) Detection results on two 1024 x 1024 images. The road portions 
which are not well separated from the background are shown using black arcs. 
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