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Abstract. In this paper we propose a new method for the extraction of roads from remotely sensed images. Under
the assumption that roads form a thin network in the image, we approximate such a network by connected line
segments.

To perform this task, we construct a point process able to simulate and detect thin networks. The segments have
to be connected, in order to form a line-network. Aligned segments are favored whereas superposition is penalized.
These constraints are enforced by the interaction model (called the Candy model). The specific properties of the
road network in the image are described by the data term. This term is based on statistical hypothesis tests.

The proposed probabilistic model can be written within a Gibbs point process framework. The estimate for the
network is found by minimizing an energy function. In order to avoid local minima, we use a simulated annealing
algorithm, based on a Monte Carlo dynamics (RJMCMC) for finite point processes. Results are shown on SPOT,
ERS and aerial images.

Keywords: Gibbs point processes, Candy model, hypothesis tests, reversible jump MCMC dynamics, aerial and
satellite images, road extraction

1. Introduction

A classical approach to the extraction of roads and lin-
ear structures in satellite images is based on a two step
supervised procedure. The first step consists of detect-
ing pixels that are situated on roads, using adapted op-
erators: edge detectors (Graffigne and Herlin, 1989),
morphological operators (Serendero, 1989), or, as in
Fischler et al. (1981), the combination of two operators
(one very specific which gives incomplete results, and
another one which is more sensitive and gives complete
results but also a lot of false alarms). A cost function
is usually built using the results.

∗Currently working as a post-doc at University Jaume I, Campus Riu
Sec, E-12071 Castellon, Spain.

The second step consists of using starting points
or regions of interest to find the best candidate pix-
els for belonging to a road. The best road candidates
are then found by minimizing the cost function using
dynamic programming (Fischler et al., 1981; Graffigne
and Herlin, 1989; Merlet and Zerubia, 1996; Serendero,
1989).

The F∗ algorithm developed in Fischler et al.
(1981) remains a point of reference today because of
its robustness, rapidity and accuracy. In Merlet and
Zerubia (1996), the authors construct an energy (or
cost) function starting from the F∗ algorithm. This
new function groups together all the needed infor-
mation (contrast, grey-level, curvature). The intro-
duction of the local curvature enables reliable road
tracking.
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Geman and Jedynak (1996) proposed an original ap-
proach based on information theory. Given a starting
point on a road and an orientation, the algorithm starts
to track the road in the given direction. Candidates to
be part of a road are selected using hypothesis tests.
The hypothesis tests compare the radiometry of the
pixels along the initial direction and along the direc-
tion orthogonal to it. The best candidates are chosen
by minimizing an entropy function.

Active contour techniques have also been used in
road detection. The roads are considered as ribbons
with parallel borders. The curvature and the gradient
are used to define an energy function. The final con-
tour fits the road or the building following a differ-
ential equation whose solution corresponds to a local
minimum of the energy (Fua and Leclerc, 1990). In
Neuenschwander et al. (1997), the authors introduce
control points to survey the evolution of the contour
along the road.

Bogess (1994) trains a neural network to detect roads
in LANDSAT images. The author obtains a lot of dis-
connected segments and a lot of false alarms.

All the above approaches are supervised pixel-based
techniques: the user has to give control points for the
roads. These methods are generally quite sensitive to
noise and local minima. All the cited authors make
the following assumptions for road and linear network
extraction:

– the radiometry within the road is locally homoge-
neous,

– there is a significant contrast between the road and
the background,

– the width of the road is varying slowly,
– its curvature is regular (i.e. a road may be considered

as locally rectilinear). The main unsolved difficulties
in performing this task are the following:

– the noise present in the image,
– interruptions in the road network caused by trees,

shadows, cars,· · ·
– false alarms generated by the presence of buildings

and sometimes similar radiometry of urban regions
and agricultural fields.

More elaborate models based on road network geom-
etry have been able to improve detection. The following
papers include such information in their models.

Barzohar and Cooper (1996) have built the first com-
pletely automatic method for the extraction of roads
from aerial images. The authors model the geome-

try of the road and the contrast between the road and
the background using AR Gaussian models. Under a
Gibbs hypothesis, they compute the MAP estimate of
the road in small images, using dynamic programming.
Dynamic programming is used once again to obtain the
final result, by choosing the best small images contain-
ing roads. This method only detects thick roads. The
final result depends on the choice of the small images
containing roads. Some wrong small images may be
connected or the algorithm may stop before detecting
the entire road.

In Tupin et al. (1998), the authors use a two-step pro-
cedure to detect roads. First, the main segments in the
image are extracted. Second, a Markov random field
is built on a graph composed of the detected segments
plus some admissible segments connecting the previ-
ous ones. A binary random variable assesses the cost,
depending on whether the segments defining the graph
represent roads or not. This model gives the probability
that two segments are connected. An energy function is
derived and the roads are extracted by minimizing this
energy function using a simulated annealing algorithm.
The drawback of this approach is that the road network
has to be included in the graph. Therefore, the prob-
lem of defining the graph is crucial. This was the first
approach to be object-oriented. However, it would be
interesting to be able to create new segments or to move
their location and orientation during the optimization
process.

Such changes can be handled using point processes
(Baddeley and van Lieshout, 1993; van Lieshout, 1994;
Rue and Syversveen, 1998; Rue and Hurn, 1999;
Stoyan et al., 1987). In the method proposed here, we
suppose that the road network is built from small line
segments. The segment network is modeled by an in-
teraction point process (called the Candy Model). The
basic idea is that we randomly throw segments into
the image, and randomly move them around, until they
fit the road network. The moves are driven by a Re-
versible Jump Monte Carlo Markov Chain dynamics
(RJMCMC) (Green, 1995).

In the first two sections of this paper, the basic ideas
of point processes are briefly recalled. Then the Candy
model, its probability density and its stability proper-
ties are described. Next, an RJMCMC dynamics is built
to simulate the Candy model. Results are presented
on different kinds of remotely sensed images (with
and without ground truth). Finally, some conclusions
are drawn and possible directions for future research
indicated.
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2. Point Processes

This section recalls the basic ideas of point processes.
For further details we recommend (van Lieshout,
2000).

Let (K ,B, ν) be a measure space, with K a compact
subset of R

2, B the associated Borel σ -algebra of sub-
sets of K and ν the Lebesgue measure, 0 < ν(K ) < ∞.
For n ∈ N, let �n be the set of all unordered config-
urations ω = {ω1, . . . , ωn} that consist of n not nec-
essarily distinct points ωi ∈ K . We consider the con-
figuration space � = ⋃∞

n=0 �n equipped with the σ -
algebra F generated by the mappings {ω1, . . . , ωn} →∑n

i=1 1{ωi ∈ B} that count the number of points in
Borel sets B ∈ B. Hence, a point process on K is a
measurable map from a probability space into (�,F).

The ideal reference point process, exhibiting no in-
teraction between the points, is the unit rate Poisson
point process. For any F ∈ F , its probability measure:

µ(F) = exp(−ν(K ))

×
[

1(∅ ∈ F) +
∞∑

n=1

1

n!

∫
K

. . .

∫
K

1({ω1, . . . , ωn} ∈ F)

× ν(dω1) · · · ν(dωn)

]
. (1)

distributes the points in K according to a Poisson pro-
cess with intensity ν.

Example 1. If the set F ∈ F consists of all finite
configurations with exactly n points in K , then by (1)
we get

µ(F) = P(ω ∈ F) = exp(−ν(K ))
ν(K )n

n!
= P(N (ω) = n)

where N (ω) is a Poisson random variable with param-
eter ν(K ).

Interactions between points, which are crucial for
the problem at hand, may be introduced by specifying
a probability density f with respect to the reference
measure µ:

f (ω) = αβn(ω)
∏
ωi ∈ω

φ(1)(ωi ) · · ·
∏

{ωi1 ,...,ωik }∈ω

× φ(k)
(
ωi1 , . . . , ωik

)
(2)

where α is the normalizing constant, φ( j), j = 1, . . . , k
are the interaction functions up to a given order k for
k-tuplets of points, n(ω) the number of points and β

a positive constant. The φ( j) functions require special
conditions for the density function to be integrable (van
Lieshout, 2000; Stoyan et al., 1987).

We may be interested in attaching different char-
acteristics to the points. In this case we consider a
point process on K × M as the random sequence
� = {(ωn, mn)} where the ωn ∈ K represent the loca-
tions and mn ∈ M is the label corresponding to each
ωn . M is the space of labels andM the associated Borel
σ -algebra. When the label space M is equiped with a
probability measure νM , we say that we have a marked
point process if the distribution of the locations only is
a point process on K .

When the label vector defines the parameters of an
object, such a process is sometimes called an object
process.

2.1. Gibbs Point Processes

The probability density of a Gibbs point process on K
is given by:

f (ω) = cβn(ω) exp(−U (ω)) (3)

c being the normalizing constant, β the intensity of
the point process, n(ω) the number of points in the
configuration ω. U (ω) is the energy of the system.

The relation with an interaction point process fol-
lows naturally by writting the energy as the sum of
interaction potentials:

U (ω) =
∑
ωi ∈ω

θ (1)(ωi )

+ · · · +
∑

{ωi1 ,...,ωik }∈ω

θ (k)(ωi1 , . . . , ωik ) (4)

θ ( j) : K j → R, j = 1, . . . , k being the interaction
potentials.

2.2. Stability of Point Processes

Ruelle gives in Ruelle (1969) an important definition
for the stability of point processes. From a statistical
physics point of view, this condition implies that the
energy needed to add a new point to the configuration is
bounded. This condition is useful in establishing proofs
of convergence in the simulation of Markov chains that
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have the distribution of a point process as equilibrium
distribution (Geyer, 1998).

Definition. A point process on K with an unnormal-
ized density f with respect to the measure µ is locally
stable if there exists 
 ∈ R such that:

f (ω ∪ {ζ }) ≤ 
 f (ω), ∀ω = {ω1 · · · ωn} ∈ �,

ζ ∈ K (5)

3. A Stochastic Model for Line Network
Extraction

We want to extract road networks using an object based
approach. The road network will be approximated by
a configuration of connected segments.

A segment is given by si = (ωi , mi ), with ωi =
(xi , yi ) ∈ K ⊂ R

2 the coordinates of its centre. The
characteristics of a segment mi = (wi , li , θi ) ∈ M are
its width, its length and its orientation, respectively. M
is the continuous space [wmin, wmax] × [lmin, lmax] ×
[0, π ]. In fact the segments represent ribbons in order
to take into account road width.

Let D be the observed image. The image is digitized
on a finite pixel lattice T . The gray level of a pixel is
given by dt , t ∈ T . Let I (s) be the continous image of
a segment given by its geometric figure. The “silhou-
ette” of a segment W (s) = I (s) ∩ T is the intersection
between the image of a segment and the finite grid, i.e.
the set of pixels covered by I (s) (Baddeley and van
Lieshout, 1993).

Hence, the line network s = {si , i = 1, . . . , n ∈ N}
we want to extract is considered as the realisation of a
point process on K × M .

The probability density model of our point process
has two components. The first component is the in-
teraction model (Candy model), which is determined
by the interactions between segments: connection, at-
traction, rejection, orientation, and the dimension of
the line network. The second term is the data model,
which gives the location in the image of the different
segments within the network.

Within the framework of a Gibbs point process, the
probability density of our model is:

f (s) ∝ βn exp(−U (s)) = βn exp −(UD(s) + UI (s))

(6)

where UD(s) is the data energy, and UI (s) is the inter-
action energy.

Under this assumption, the estimate of the network
is obtained by minimizing the energy function U (s):

ŝ = arg min
s

{UD(s) + UI (s) − n log β} (7)

The term n log β is the energy term corresponding
to a Poisson point process on K × M with intensity
βν(K )π (lmax − lmin)(wmax − wmin). Here it may be in-
terpreted as a penalty on the total number of segments
in the image.

The global minimum of the energy function U (s) is
found by a simulated annealing technique. This algo-
rithm iteratively simulates the law:

f (s, H ) ≈ [ f (s)]
1
H (8)

while slowly decreasing the temperature H . When
H → 0, the result of the simulations converges in
probability to the global minimum.

The main difficulty of this problem is that the con-
figuration sub-spaces have different dimensions. One
solution is to use an RJMCMC dynamics (Green, 1995)
within the simulated annealing algorithm.

3.1. Candy Model: A Region Interaction Model

For a segment si = (pi , mi ), with mi = (wi , li , θi ), we
define a prior on its characteristics as:

wi ∼ U([wmin, wmax])

li ∼ U([lmin, lmax]) (9)

θi ∼ U([0, π ])

U being the uniform law.
The unnormalized density of the Candy model is

the density of an interaction point process as defined
in (2):

f I (s) ∝ βn
∏
si ∈S

g(si )
∏

si �s j ,i< j

h(si , s j ) (10)

si � s j means that the segment si and s j are interacting
segments.

The line network is composed of connected seg-
ments. A segment has two extremities to which an-
other segment can be connected. Their coordinates are
ts = T (tx , ty) and qs = Q(qx , qy) (see Fig. 1). A seg-
ment s is connected to the network S if at least one of
its extremities is closer than rc to another segment in
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TQ

A

B

C

D

E

F

l/2
δ min

P

Figure 1. Rejection region for a segment QT .

the network. Hence, every segment in the configuration
has two connection regions at its extremities, εt and εq ,
such that, for all the segments in the configuration, we
have ν(εt ) = ν(εq ) = ν(ε) = πr2

c > 0.
A segment can be in three different states: not con-

nected (s = s∅), with only one extremity connected
(s = st ||q ), or with both extremities connected (s =
stq ). There is no maximal number of connections for a
segment.

The g function models the connectivity of the line
network and its dimension. We express it as follows:

g(si ) = g1(si ) × g2(si ) (11)

with:

g1(si ) = exp −
(

lmax − li

lmax

)
(12)

which penalizes short segments.
The other term is:

g2(si ) =




g21, if si = s∅
i

g22, if si = st‖q
i

g23 = 1, if si = stq
i

(13)

It takes into account the fact that a segment is free,
connected at one extremity, or at both extremities re-
spectively. We strongly penalize a free segment. The
segments with only one connection are penalized less.
The completely connected segments are not penalized
by the g function. In general, we have: g21 � g22 < 1.

The interaction function h penalizes segments that
overlap and neighboring segments that are not well
aligned. We consider two types of interaction between
the segments: rejection and attraction.

To introduce the rejection interaction, we have to
define a rejection region Rr around a segment s =
(p, m) as in the Fig. 1, Rr (s) = Cr [p, rr = l/2] where
Cr [p, r ] is the disk of center p and radius r .

Two segments si and s j present a rejection interac-
tion if:{

(xi , yi ) ∈ Rr (s j ) or (x j , y j ) ∈ Rr (si )

�(si , s j )
(14)

where �(si , s j ) is the condition given below. First, let
us consider δ given by:

δ =




‖θ j − θi‖ − π/2

π
, if ‖θ j − θi‖ ≤ π

‖θ j − θi‖ − 3π/2

π
, if ‖θ j − θi‖ ≤ 2π

(15)

θi , θ j being the orientations of the two segments. The
condition �(si , s j ) is verified if δ > δmax, with δmax a
predefined constant, or if the two segments do not cross
each other.

In Fig. 2, we give an example of a rejection config-
uration: the segments T Q and T2 Q2 exhibit a rejec-
tion interaction. The segments T Q and T1 Q1 satisfy
δ ≤ δmax which means that they are considered as an
acceptable crossing in the network and as such do not
have a rejection interaction.

If two segments present a rejection interaction, the
function h is:

h(si , s j ) = hr ≤ 1 (16)

Q

maxδ

T

Q

Q

T

T

1

2

1

2

l/2

Figure 2. Rejection interaction between segments.
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atC

Q

C aq

T

l/4

l/4P

Figure 3. Attraction region for a segment.

Conversely, two segments may attract each other if
they are well aligned. This property is modeled by
defining an attraction region Ra , as shown in Fig. 3.
This region is represented by disks centered at the
extremities of the segment: Ra(s) = Cat [ts, ra =
l/4] ∪ Caq [qs, ra = l/4].

Two segments si and s j present an attraction inter-
action if all the following conditions are verified:




(xi , yi ) /∈ Rr (s j )

(x j , y j ) /∈ Rr (si )

A(si , s j )

(17)

where A(si , s j ) is satisfied if one of the following con-
ditions is true:

ti ∈ Ra(s j ) and qi /∈ Ra(s j )

qi ∈ Ra(s j ) and ti /∈ Ra(s j )

t j ∈ Ra(si ) and q j /∈ Ra(si )

q j ∈ Ra(si ) and t j /∈ Ra(si )

(18)

We show examples of some attraction configurations
in Fig. 4: the segments TQ and T1 Q1 are attracting
segments. The segments T1 Q1 and T2 Q2 present an

Q

max

T

δ

T

Q

Q

T

1

1

2

2

Figure 4. Attraction interaction between segments.

attraction interaction, while the segments TQ and T2 Q2

present a rejection interaction.
We want the segments to be aligned. We have to

check whether the segments have the same orientation
or not. Therefore, we define the curvature as:

τ =




τ1 = ‖θ j − θi‖
π

, θ j �= θi

τ2 = θc

π
, θ j = θi

(19)

θ j , θi being the segment orientations. If both segments
have the same orientation, we define θc as the angle
between one of the segments and the line which passes
through the centers of the two segments. An example
is given in Fig. 5.

The function h in this case penalizes high curvature
between attracting segments:

h(si , s j ) = ha ≤ 1 if τ > τmax (20)

where τmax is the pre-defined maximal acceptable cur-
vature.

The interaction energy is derived by taking the log-
arithm of Eq. (10). First, we have:

UI (si ) = − log g(si ) −
∑

si �s j ,i �= j

log h(si , s j ) (21)

Then we obtain for the interaction energy:

UI (s) =
∑
si ∈s

UI (si )

= −
∑
si ∈s

[
log g(si ) +

∑
si �s j ,i< j

log h(si , s j )

]

(22)
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s1

s3

s2

θ1

θ2

d

θc

r

θ3=θ1

Figure 5. Segments and their orientations.

It is not very difficult to show that if we add a segment
to the configuration, there is a maximum number of free
or one extremity connected segments that can be con-
nected by the new segment. In this case, we can prove
that when the model parameters satisfy β > 0 and
g21, g22, hr , ha ∈ (0, 1), there exists a positive finite 


which gives us the local stability condition (cf. Eq. (5))
for the Candy model (Stoica, 2001).

4. Data Energy

The data term checks whether a segment belongs to the
network or not. This task is performed using hypothesis
tests. The following situations are analyzed:

– the segment is in the middle of an homogeneous
region (H1),

– the segment is situated at the frontier of two homo-
geneous regions (i.e. an edge) (H2),

– the segment belongs to the network (H3).
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Figure 6. Region mask: (a) three homogeneous regions, (b) two homogeneous regions, (c) one homogeneous region.

To construct the hypothesis test (H3), we consider
a segment to be part of the network if the statistics of
the pixels covered by the segment silhouette are dif-
ferent from the statistics of the pixels situated to the
left and to the right of the segment (Refregier et al.,
1997).

Let us define three regions as in Fig. 6(a):

• Ds
3 is the region in the image corresponding to the

pixels of the segment we want to analyze (the seg-
ment “silhouette”), ns

3 being the corresponding num-
ber of pixels;

• Dsl
3 is the region in the image corresponding to

the pixels to the left of the segment we want to
analyze, nsl

3 being the corresponding number of
pixels;

• Dsr
3 is the region in the image corresponding to

the pixels to the right of the segment we want to
analyze, nsr

3 being the corresponding number of
pixels.

Under the assumption that the pixels values are
Gaussian i.i.d variables in each region, the likelihood
function of the hypothesis (H3) can be written as
follows:

L(H3) =
∏
i∈Ds

3

1

σ s
3

√
2π

exp

[
−1

2

(
di − µs

3

σ s
3

)2
]

×
∏

i∈Dsr
3

1

σ sr
3

√
2π

exp

[
−1

2

(
di − µsr

3

σ sr
3

)2
]

×
∏

i∈Dsl
3

1

σ sl
3

√
2π

exp

[
−1

2

(
di − µsl

3

σ sl
3

)2
]

(23)

µs
3, σ

s
3 , µsr

3 , σ sr
3 , µsl

3 , σ sl
3 being the parameter estimates

of the mean and the standard deviation of each
region.
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We can write the log likelihood as:

log L(H3) = −ns
3 log

(
σ s

3

√
2π

)
−

∑
i∈Ds

3

1

2

(
di−µs

3

σ s
3

)2

−nsr
3 log

(
σ sr

3

√
2π

)

−
∑

i∈Dsr
3

1

2

(
di−µsr

3

σ sr
3

)2

−nsl
3 log

(
σ sl

3

√
2π

)

−
∑
i∈Dsl

3

1

2

(
di−µsl

3

σ sl
3

)2

(24)

Substituting the empirical estimates of the means
and variances into the log-likelihood function as in
Refregier et al. (1997), we obtain:

log L(H3) = −ns
3 + nsr

3 + nsl
3

2
− ns

3 log
(
σ s

3

√
2π

)
− nsr

3 log
(
σ sr

3

√
2π

) − nsl
3 log

(
σ sl

3

√
2π

)
(25)

For testing the second hypothesis (H2), i.e. that the
segment is situated on an edge, let us define two regions
around a segment as in the Fig. 6(b):

• Der
2 is the region in the image corresponding to the

pixels located to the right of the longest symme-
try axis of the segment, ner

2 being the corresponding
number of pixels;

• Del
2 is the region in the image corresponding to the

pixels located to the left of the longest symmetry axis
of the segment, nel

2 being the corresponding number
of pixels.

As in the previous case, under the assumption that
the pixel values are Gaussian and i.i.d in each region,
substituting the estimated parameters into the corre-
sponding log-likelihood function, we get:

log L(H2) = −ner
2 + nel

2

2
− ner

2 log
(
σ er

2

√
2π

)
− nel

2 log
(
σ el

2

√
2π

)
(26)

σ er
2 , σ el

2 being the estimates of the standard deviation
of each region.

Finally, to verify the hypothesis (H1), i.e. that the
segment is in the middle of a homogeneous region, let
us define a homogeneous region around the segment
we analyze, as in Fig. 6(c):

• Dh
1 is the image patch corresponding to the pix-

els of the homogeneous region; nh
1 is its number of

pixels.

Hence, as in the first two cases, the log likelihood of
the hypothesis H1 can be written as follows:

log L(H1) = −nh
1

2
− nh

1 log
(
σ h

1

√
2π

)
(27)

where σ h
1 is the estimate of the standard deviation of

the region.
Let �(s) be the test function for a segment:

�(s) = min{log L(H3) − log L(H1), log L(H3)

− log L(H2)} (28)

We use this model to extract line networks from satel-
lite and aerial images. In optical images, the roads usu-
ally look like ridges. In the radar images we have tested,
the roads generally look like valleys. We may augment
the test function for a segment by adding the term:

Uridge(s) = min
{(

µDs
3
− µDsl

3

)
,
(
µDs

3
− µDsr

3

)}
(29)

which increases the probability of detecting “white”
networks, or the term:

Uvalley(s) = min
{(

µDsl
3

− µDs
3

)
,
(
µDsr

3
− µDs

3

)}
(30)

which favours the extraction of “black” networks.
Hence, the data energy for a segment becomes:

UD(s) = �(s) + Uridge/valley(s) (31)

depending on the type of network we want to extract.
The data energy for the entire configuration of

segments is then given by:

UD(s) = −
∑
si ∈s

UD(si ) (32)

This data term is interpreted as an inhomogeneous
external field but not as a likelihood in a Bayesian sense.
The likelihood defined as the joint distribution of the
intensity data given the segment configuration is not
accessible in this context.
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Finally, the total energy to minimize including the
Candy model is:

U (s) = UD(s) + UI (s)

= −
∑
si ∈s

[
UD(si ) + log g(si ) +

∑
si �s j ,i< j

log h(si , s j )

]

(33)

5. Simulation of Finite Point Processes

One of the most common ways to simulate a point
process is to use spatial birth-and-death processes
(Preston, 1977). This technique simulates a Markov
chain allowing only two types of transitions: the addi-
tion of a point to the configuration (birth) and the dele-
tion of a point from the configuration (death). The mix-
ing properties of the chain can be increased by means
of a Metropolis-Hastings (MH) dynamics (Geyer, and
Møller, 1994; Geyer, 1998; Møller, 1998). This dy-
namics enables us to add moves that modify the char-
acteristics of the points inside a configuration. The
MH dynamics can be considered as a particular case
of the generalization of Monte Carlo Markov Chain
(MCMC) methods to the case of a continuous state
space (Green, 1995). This class of algorithms is known
under the name “Reversible Jump Monte Carlo Markov
Chains” (RJMCMC), and it has already been applied to
several image analysis problems in (Green, 1996; Rue
and Syversveen, 1998; Rue and Hurn, 1999).

5.1. Reversible Jump Markov Chain Monte Carlo

Suppose the Markov chain is in state s. We randomly
choose a move of type i , which transforms s to s′ with
probability γi (s → ds′). The new state s′ is then ac-
cepted with probability:

αi (s → s′) = min

{
1,

f (s′)γi (s′ → ds)

f (s)γi (s → ds′)

}
(34)

Green presented in (Green, 1995) the RJMCMC
method for jumping between states in spaces of differ-
ent dimensions. It is necessary to match the dimension
of state s to s′. This is done by sampling a vector u of
continuous random variables independently of s. s′ is
obtained by using an invertible deterministic function
ϕ(s, u). The acceptance probability is modified by the

Jacobian of the transformation:

αi (s → s′) = min

{
1,

f (s′)
f (s)γ (u(i))

∣∣∣∣ ∂ϕ

∂(s, u)

∣∣∣∣
× p (choosing to propose the reverse jump)

p (choosing to propose the fowards jump)

}
(35)

where γ (u(i)) is the density of the random vector u.
If the dimension of the configuration space is fixed,

we have the classical Metropolis-Hastings dynamics.

5.2. Moves for Simulating the Candy Model

Sampling from the distribution of the proposed model
using an RJMCMC dynamics needs a careful design.
The convergence properties of the chain when the dif-
ferent specific moves are incorporated in the transition
kernel need to be guaranteed. To simulate a reversible
chain, every move must have a reverse. For instance: to
the birth of a free segment corresponds the death of a
free segment. Another important point is the selection
of moves. We have decided to make a stochastic mix-
ing of the transition kernels, independent of the current
configuration. These precautions, taken together, en-
sure that the simulated chain will have the distribution
of the Candy model as equilibrium distribution.

A line network s has nt segments. Among them, nd

are not connected and nc are connected. The connected
segments are divided into nc1 (for one extremity con-
nected) and nc2 (for doubly-connected) segments:

nt (s) = nd (s) + nc(s) = nd (s) + nc1(s) + nc2(s) (36)

Theoretically, to sample the Candy model we only
need uniform birth and death moves. The birth move
adds a segment to the configuration, with the segment
parameters uniformly chosen in the parameter space.
The death move can uniformly eliminate a segment
from the configuration (Geyer, 1998). This kind of
simulation performs well when the interactions be-
tween the points are simple, as in the Strauss model
for example. The Candy model embeds different inter-
actions, hence it exhibits a much more complex inter-
action structure. Using only a uniform birth and death
transition kernel in order to obtain a connected net-
work of well aligned segments may lead to a very long
running time for the algorithm. Therefore we need to
build specific moves that help the model by increasing
the mixing properties of the simulation dynamics.
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To build connected networks, the segments are added
to or deleted from the current configuration depending
on their state (connected or not). To further increase the
mixing properties of the chain, we use moves which
modify the characteristics of a segment.

Below we give the list of moves we use in the sim-
ulations:

• birth and death of a free segment,
• birth and death of a singly-connected segment,
• birth and death of a doubly-connected segment,
• modify the orientation of a singly-connected

segment,
• modify the length of a singly-connected segment.

In the following, some examples are given in order to
understand better how we compute the acceptance ra-
tio for some of the above mentioned moves. For the
moves which are not presented, the computation of
the acceptance ratio is very similar to those described
below.

Example 2. Birth and death of a free segment.

This move consists of adding a free segment ζ to the
configuration s. The segment ζ will have a random
position. The new state is: s′ = s ∪ {ζ }. The death
move (i.e. deleting a free segment) is the opposite of a
birth.

The independent random vector u:

u = [(xu, yu), lu, θu, wu] (37)

is uniformly sampled on the segment parameter space.
The invertible transformation is the identity:

ϕ(s, u) = s′ = {s ′
1 = s1, . . . , s ′

n = sn, ζ = u} (38)

so the corresponding Jacobian equals 1.
We neglect the measure of the connection areas of

current segments with respect to the total measure
ν(K ). Then, the density of the vector u is:

γ (u) = 1

ν(K )
× 1

lmax − lmin
× 1

wmax − wmin
× 1

π
(39)

Let Pn be the probability of choosing to propose the
birth of a free segment and Pm the probability of choos-
ing to propose the deletion of a free segment. nd (s′) is
the number of free segments in the configuration s′.

Therefore, the probability of doing the reverse jump is
Pm × 1

nd (s′) .
The acceptance probability is:

α = min{1, R} (40)

with R the acceptance ratio given by:

R = Pm

Pn
× πν(K )(lmax − lmin)(wmax − wmin)

nd (s′)

× f (s ∪ {ζ })
f (s)

(41)

The acceptance ratio for the death of a free segment
is computed by inverting the ratio of the birth move
(41).

Example 3. Birth and death of a segment with a single
connection.

This move adds a singly-connected segment to the ini-
tial configuration.

Let Pnc× 1
2nc2(s)+nc1(s) and Pmc× 1

nc1(s′) be the proposal
probabilities for adding and removing a segment with
a single connection. nc1(s′) is the number of singly-
connected segments in the configuration s′.

The independent random vector is:

u = [(xu, yu), lu, θu, wu] (42)

with lu, θu, wu uniformly chosen on the corresponding
space of parameters. The coordinates (xu, yu) are uni-
formly chosen in a neighborhood ε of an extremity of
the segment (connection area). The new segment in the
configuration becomes:

ζ = [(xζ = xu + xsg, yζ = yu + ysg), lζ = lu,

θζ = θu, wζ = wu] (43)

with (xsg, ysg) an extremity in the configuration where
the segment can be connected.

The invertible transformation:

ϕ(s, u) = s′ = {s ′
1 = s1, . . . , s ′

n = sn, s ′
n+1

= ζ (u)} (44)

is not the identity function, but its Jacobian still
equals 1.
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The density of the vector u is:

γ (u) = 1

πν(ε)(lmax − lmin)(wmax − wmin)
(45)

where ν(ε) = πr2
c is the connection area around the

extremity of a segment.
The acceptance ratio for the birth of a singly-

connected segment is:

R = f (s′)
f (s)

× Pmc

Pnc

× (2nc2(s) + nc1(s)) × πν(ε)(lmax − lmin)(wmax − wmin)

nc1(s′)
(46)

and by inverting the ratio in (46), we get the acceptance
for the death of a singly-connected segment.

6. Simulation and Results

We first present some simulations of the Candy model.
Then, results on satellite (optical and radar) and aerial
images are shown for different applications: road and
hydrographic network extraction.

6.1. Simulation of the Candy Model

The Candy model was simulated using the described
dynamics. The interaction parameters were fixed to
log g21 = −6.9, log g22 = −0.69, log hr = −4.6,
log ha = −2.3, τmax = δmax = 0.1 while the density

Figure 7. Simulation of the Candy model with different densities: (a) β = 0.25 (b) β = 0.5.

parameters was to log β = −1.38 and −0.69 for the
samples obtained in the Figs. 7(a) and (b) respectively.
As expected, we control the number of segments with
the parameter log β.

Geyer proved in Geyer (1998) that for a locally stable
point process, a Markov chain simulated using uniform
birth and death moves is Harris-recurrent and ergodic.
The Candy model is locally stable and reversible by
construction.

Therefore for an empirical evaluation of our dynam-
ics, some graphical tests have been derived (Robert and
Casella, 1999). We have looked at the evolution of the
cummulative sum of some of the sufficient statistics of
the model. Figure 8 shows the evolution of the total
number of segments (a), the number of free segments
(b), the number of segments with only one connexion
(c), and the number of segments with two connexions
(d).

We notice that the shape of the curves corresponds
to a stable system. Moreover, the statistics correspond
to the penalties we have imposed: very few free seg-
ments, the number of segments with two connections is
significantly greater than the number of segments with
only one connection and the total number of segments
is stable.

Of course, this heuristic is not sufficient to prove
the convergence of the algorithm, but we use it as a
qualitative indicator.

In all the simulations, we have initialized the pro-
posed algorithm with no segments in the initial config-
uration. The RJMCMC dynamics was run for 105 iter-
ations. One iteration means one proposed move, which
may be accepted or not. The sufficient statistics were
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Figure 8. Statistics of segments. The X axis represents the number of iterations (×102). The Y axis the evolution of the cumulative means
of the sufficient statistics of the Candy model: (a) the total number of segments, (b) the number of free segments, (c) the number of segments
connected at only one extremity and (d) the number of segments with both extremities connected.

Figure 9. Extracting roads from a SPOT satellite image: (a) original image (b) the final result.
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Figure 10. Extracting roads from an ERS radar image: (a) original image (b) the final result.

Figure 11. Extracting roads from an aerial image: (a) originalimage (b) the final result.

Figure 12. Hydrographic network in a SPOT image: (a) original image; (b) ground truth.

sampled every 100 iterations in order to reduce the
correlation between samples.

6.2. Test on Real Data

The proposed model was first tested on pieces of SPOT,
ERS and aerial images containing roads. We chose

the configuration with no segments as initial state.
The RJMCMC simulated annealing algorithm required
3×106 iterations. The temperature was decreased every
103 iterations. The initial temperature was H0 = 25.
The Candy model parameters were fixed at log β = −
5.0, log g21 = −75.0, log g22 = −5.0, log hr = −60.0,
log ha = −45.0; the data energy range for a segment
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was [10.0, 50.0]; while the values of the length of a
segment lay in [11.0, 21.0]. The width of the segments
was set to one. These choices were adopted after sev-
eral simulations, trying to find the best compromise
between exhaustivity of the network and presence of
false alarms. In the SPOT and aerial images, roads look
like ridges, whereas in the ERS image they look like
valleys. The terms given in (29) and (30) respectively
were used to reinforce the data term.

There is a formal proof of the existence of a
temperature-reduction scheme for simulated annealing
based on spatial birth-and-death processes. However,
in practice the optimization algorithm is run using a
fixed low temperature (van Lieshout, 1994). In order to
take advantage of the principle of simulated annealing,
for our method based on an RJMCMC dynamics, we
chose a logarithmic cooling scheme, which is one of
the slowest:

Hniter = H0

log(1 + niter)
(47)

with niter the number of iterations. The results of
road extraction are presented in Figs. 9–11. They
were obtained using the same parameters for all the
images.

To capture the basic structure of the network, we
need around 15–20 minutes on a Sun Sparc station
(Ultra 10 at 300 MHz) depending on the density of the
network in the image. To complete the network, it may
take 2–3 hours for an image. Therefore, a deterministic
post-processing after the simulated annealing may re-
duce the computation time.

In order to evaluate our method, the French Geo-
logical Survey (BRGM) has kindly provided a SPOT
image representing an hydrographic network, together
with its corresponding ground truth (see Fig. 12). The
parameters used for this application are the same as in
the previous case, log hr = −40.0 and log ha = −25.0
excepted, in order to penalize less orientation and cross-
ing between segments. In Fig. 13, different results are
shown depending on the value of the parameter g22.

The method discussed in this paper correctly detects
the main network structure in the three types of im-
ages that have been tested: satellite (optical and radar)
and aerial data, without any pre- or post-processing.
Furthermore, we can easily adapt our model to extract
hydrographical networks. We can avoid false alarms
due to isolated segments and we can pass an obsta-
cle whose length is not greater than the maximum
length of a segment. Roads are prolonged in appropriate

Figure 13. Results of hydrographical network extraction depending
on the model parameters: (a) log g22 = −2.5; (b) log g22 = −5.0;
(c) log g22 = −7.5.
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directions. To the best of our knowledge, these prob-
lems were not solved in an unsupervised way by pre-
vious methods proposed for the extraction of road
networks.

7. Conclusion and Future Work

In this paper, we have presented a method for thin net-
work extraction from images using the Gibbs point
process framework. Our work uses ideas promoted
by Baddeley and van Lieshout (1993), van Lieshout
(1994), Rue and Syversveen (1998) and Rue and
Hurn (1999), which adopt point processes in order to
solve image analysis problems using an object-oriented
rather than a pixel-oriented approach.

Two main directions may be outlined for future work.
From a theoretical point of view, the properties of the
Candy model need to be more deeply investigated.
Parameter estimation for the Candy model and new
simulation dynamics are currently under study. Con-
vergence assignment is also currently being consid-
ered within the exact simulation framework. From an
application point of view, there is ongoing work study-
ing different statistical tests for the data term and a
few new models with different types of interaction be-
tween segments. The concrete application goal is map
calibration.

Within the same framework of interaction point pro-
cesses, a model for building extraction is currently be-
ing tested (Garcin et al., 2001; Ortner et al., 2002). The
most ambitious of our future projects is to construct
models that deal with interactions between different
kinds of objects, hence taking a first step towards scene
modeling.
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