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Abstract. This paper investigates the use of graph cuts for the mini-
mization of an energy functional for road detection in satellite images,
defined on the Bayesian MRF framework. The road identification process
is modeled as a search for the optimal binary labeling of the nodes of a
graph, representing a set of detected segments and possible connections
among them. The optimal labeling corresponds to the configuration that
minimizes an energy functional derived from a MRF probabilistic model,
that introduces contextual knowledge about the shape of roads. We for-
mulate an energy function modeling the interactions between road seg-
ments, while satisfying the regularity conditions required by the graph
cuts based minimization. The obtained results show a noticeable im-
provement in terms of processing time, while achieving good results.

Keywords: road detection, graph cuts, MRF-MAP labeling.

1 Introduction

Several approaches have been proposed for linear feature extraction, most of
them dealing with the problem of road extraction in either synthetic aperture
radar (SAR) images or optical images (visible range). These approaches can be
classified according to the preset objective, the extraction technique applied, the
type of sensor used, etc. [1].

Most of the reported schemes are based on two criteria: a local criterion,
involving the use of local operators, and a global criterion, incorporating addi-
tional knowledge about the structure of the objects to be detected. The methods
based on local criteria evaluate local properties on the image by using either an
edge or line detector [2] or morphological operators [3]. The performance of
these methods can be greatly increased by using techniques that introduce some
global constraints in the image analysis process. These techniques lead to an
optimal solution through the minimization of a cost function by using dynamic
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programming [4], tracking methods [5] or the Bayesian MRF framework [2], [6],
[7], [8].

Previous work at VUB-ETRO [8] proposed a method that combines both local
and global criteria for the identification of the medial axis of roads and paths in
satellite images. The approach consists of two steps Fig. 1.

Fig. 1. General algorithm of linear features detection [8]

During a local analysis, the detection of elongated structures is performed us-
ing a set of soft morphological operators, and a dedicated algorithm is employed
for line segment extraction. This results in a set of segments, Ω = Ωd

⋃
Ωc,

with Ωd the extracted line segments and Ωc the set of all possible connections
between the segments of Ωd. The elements of Ω are then organized in a graph
G = (Ω, A), where each node s ∈ Ω is a line segment, to which we associate a
normalized segment length (ls ∈ [0, 1]), an observation value ys (defined below),
and a label fs = 1 if s belongs to a road, fs = 0 otherwise. An arc, Ast ∈ A,
between two nodes s and t, correspond to a shared extremity. To each arc Ast

is associated the angle θst between the two segments.
A segment linking process is then performed in the global analysis. This is

based on the Bayesian framework incorporating an observation measure that re-
flects the likelihood value of each segment as belonging or not to a road, L(fs, ys),
and a formulation of the potential functions, Vc(f), which describes the probabil-
ity distributions of the prior model. The identification of the roads is carried out
with an appropriate labeling of the graph G = (Ω, A), in accordance with the
observation process y = (y1, . . . , ym); m = |Ω|. A Markov random field (MRF) is
defined on the graph and the optimum configuration (labeling) f = (f1, . . . , fm),
of the segments of Ω given the observation process y, can be estimated based
on the Bayes rule and a MAP criterion that maximizes the posterior probability
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P (y|f). The conditional probability distribution p(y|f) depends on the observa-
tion measurements, whereas the prior probability of labelings P (f) is based on a
Markovian model of road-like objects. From the equivalence between MRF and
Gibbs fields [11], both of them can be described with a set of potentials that
associate an energy function to the different configurations. The minimization
of this energy function gives the optimal solution to the problem.

One of the major drawbacks of the approach in [8] is the time required for
solving the MAP estimator by means of the simulated annealing algorithm,
which requires exponential time in theory and is extremely slow in practice.
The computational task of minimizing the energy associated to a particular
problem is usually quite difficult, as it generally requires minimizing a non-
convex function in a space with thousands of dimensions. However, recently a
new approach for energy minimization has been developed based on graph cuts
[9]. The basic idea is to construct a specialized graph for the energy function
to be minimized such that the minimum cut on the graph also minimizes the
energy (either globally or locally). The minimum cut, in turn, can be computed
very efficiently by max flow algorithms [10].

This paper investigates the use of graph cuts for the minimization of an MRF
based energy functional of [8]. To this end, we reformulate the Bayesian-MRF
framework previously described to fit the graph cuts theory. This energy form
turns out to be sufficient to model all the interactions between road segments,
while satisfying the regularity conditions required by the graph cuts based min-
imization.

The paper is organized as follows. Section 2 defines the MAP function to be
minimized (subsection 2.1), summarizes the graph cuts theory (subsection 2.2),
and formulates the functional of subsection 2.1 in terms of graph cuts (subsection
2.3). Section 3 describes the experiments conducted and a preliminary discus-
sion of the obtained results. Finally, Section 4 exposes the final conclusions and
addresses future improvements for the proposed approach

2 Materials and Methods

2.1 MRF-MAP Formulation for Linear Feature Extraction

The MAP-MRF estimation belongs to the general family of variational meth-
ods, where the main objective is the minimization of an energy functional that
conveys the dependencies on observed data and a series of a priori constraints,
according to the MAP criterion [11]. The MAP-MRF framework facilitates the
formulation of such an energy term by considering certain independence as-
sumptions for the data likelihoods and introducing prior knowledge in the form
of Gibbs distributions. The energy functional for linear feature extraction, de-
fined in [8], is stated in Fig. 1, being θ the set of model parameters. From this
expression, the MAP estimation is obtained to be:

f̂MAP = arg min
f∈F

(
∑

s∈Ω

L(fs, ys) +
∑

c∈C
Vc(f)

)

. (1)
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where F is the space of all possible configurations f = {fs} : s ∈ Ω, fs ∈ {0, 1}.
C is the set of all the cliques or clique space of the model. For each detected
segment, two cliques are added to C; those conformed by the connection segments
sharing one extremity with the detected segment. For more details refer to [8].
The observation, ys, of a segment s is a function of a saliency measure rs defined
as:

rs =
Rs

|θs − αs| + 1
, (2)

where θs is the line segment orientation, Rs and αs are the mean values, along
the line segment, of the response and orientation images, respectively, obtained
using soft morphological operators as described in [8] (Fig. 1). The observation
values ys are defined as:

ys = max
t∈Ns

{
(rs + rt)

2

}

, (3)

were Ns is the neighborhood of segment s. After computed, the ys are linearly
normalized to fit the [0, 1] interval. Analogously:

L(fs, ys) = (1 − ys)
(
min(

ys

τ
, 1) + log Z0

)
. (4)

where τ is a model parameter to threshold observation values, and Z0 is a nor-
malization factor found to be equal to Z0 = (1−τ)(1

e )−τ(1
e −1), with e = exp(1).

The potential functions Vc(f) are defined for each clique according to its size and
composition (number and types of segments that conform the clique) as follows:

Vc(fs) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0 if ∀s ∈ c, fs = 0;
K1 + 1 − ls + log Z0 if ∃!s ∈ c ∧ s ∈ Ωd : fs = 1;
sin(θst) + 1 − ls + lt + 2 logZ0 if c1;
K2

∑
s:s∈c fs otherwise.

(5)

where c1 ≡ ∃!(s, t) ∈ c × c ∧ s ∈ Ωd, t ∈ Ωc : fs = ft = 1. K1 and K2 are
parameters of the labeling model, defined by the prior road assumptions, and ls
denotes the normalized length of a segment s.

2.2 Energy Minimization Using Graph Cuts

In [9], a systematic and general formulation for energy minimization using graph
cuts was presented. The energy form is mainly restricted to functions of binary
variables, although it is easily applicable to problems that involve large numbers
of labels. Next, we describe the type of energy we are interested to minimize using
graph cuts, according to the method described in [9]. Let x = (x1, . . . , xm) : xs =
{0, 1} be a set of binary-value variables. The type of energy considered has the
form:
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E(x) =
∑

s

Es(xs) +
∑

s<t

Es,t(xs, xt) . (6)

That is, the sum of functions involving up to two binary values at a time. A more
general energy form, including functions involving up to three binary values, is
described in [9].

In order to minimize E(x) (Eq. 6) using graph cuts, a specialized energy graph
is created such that the minimum cut on the graph also minimizes E(x) (either
globally or locally). The form of the graph depends on the exact form of E(x) and
on the number of labels. Let G = (V, A) be a directed graph with non negative
edge weights that have two special vertexes (terminals), namely, the source p,
and the sink q. A p-q-cut referred simply as cut, R = {P, Q} is a partition of
the vertexes of V into two disjoint sets P and Q, such that p ∈ P and q ∈ Q.
The total cost of the cut is the sum of the cost of all edges that go from P to
Q. The minimum p-q-cut problem is to find a cut R with the smallest cost. The
solution to this problem is equivalent to computing the maximum flow from the
source to the sink [9]. There are several algorithms that solve this problem in
polynomial time with small constants [10]. A cut R is conveniently associated
with a labeling f , mapping from the set of vertexes V − {p, q} to {0, 1}, where
fs = 0 means that s ∈ P and fs = 1 means that s ∈ Q. Note that a cut is a
binary partition of a graph viewed as a labeling; it is a binary-valued labeling.

The necessary conditions for an energy function to be minimized using graph
cuts are described in terms of graph representability, which is conditioned by the
regularity of the terms conforming the energy E(x). The regularity condition
that must be satisfied is stated as follows:

Es,t(0, 0) + Es,t(1, 1) ≤ Es,t(0, 1) + Es,t(1, 0) . (7)

For a given regular energy function E(x), of the form in Eq. (6), the con-
struction of the energy graph is done for each term separately and then all
the sub-graphs merged together. The graph will contain m + 2 vertices: V =
{p, q, v1, . . . , vm}; p and q are terminal vertexes, and the non-terminal vertexes
vs will encode the binary variable xs. For a detailed description of the graph
construction process refer to [9].

2.3 Graph Cuts for Linear Feature Extraction

The goal of the graph cuts approach for linear feature extraction is to express
the energy of the global analysis step, in the form of Eq. (6), while conveying for
the assumptions of the prior model. According to the method described in [8],
the clique space can contain cliques of size greater than two, since it is possible
to have more than two connections at one extremity of a detected segment. This
makes infeasible the direct use of graph cuts for the energy form defined by the
potential functions described in Eq. (5).

In order to make use of the graph cuts theory, we propose the use of a clique
space composed by cliques of size one and two, C = C1∪C2, as follows. C1 contains
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cliques of size one, defined only by a detected segment and C2 contains cliques
of size two, conformed by a detected and a connection segment, sharing one
extremity. Thus, the prior energy term in Eq. (1) can exhibit the following form:

Eprior(f) =
∑

s∈Ωd

V1(fs) +
∑

(s,t)∈Ωd×Ωc:t∈Ns

V2(fs, ft) . (8)

The key facts used to model the prior knowledge rely on the following as-
sumptions [8]: 1) roads are long structures, 2) roads have low curvature, and 3)
multiple connections are rare. From the previous assumptions three constrains
should be imposed to the prior model: continuity, co-linearity and penalization
of multiple connections. V1(fs) is used to account for the extremity penalization
in the case of isolated segments, and detected segments with a free extremity
situated far from the border of the image. Free extremities at the border of the
image are though to belong to a long road not captured by the image, thus no
extremity penalization is included.

Let Ex(s) : Ω −→ {0, 1, 2} be a function that return the number of free
extremities of a segment s, excluding the cases when the extremity is at the
border of the image, then:

V1(fs) = fs · Kex · Ex(s) , (9)

where Kex is the extremity penalization model parameter, that accounts for
assumption 1). Analogously, the use of size two cliques is intended to penalize non
co-linear segments while favoring the co-linear ones, and to include a penalization
term for unconnected extremities. The definition of V2(fs, ft), for size two cliques,
is presented in Table 1.

Table 1. Formulation of the potential function for size two cliques

(fs, ft) V2(fs, ft)

0 0 0
0 1 +∞
1 0 Kex · wN

t|s
1 1 Kco · sin θst

Here, Kco is a weight to account for assumption 2), by providing a penalty
weight for non co-linear segments. It also serves to penalize multiple connections,
assumption 3). wN

t|s is a normalized arc measure, defined as the strength of the
path determined by the connection segment t in the direction to which it is
connected to the detected segment s. This arc measure is computed from the
quantities wt|s, given by:

wt|s = Kco sin θst +

{
(ls · rs + lt · rt) · (ls + lt)−1 if ls > lt;
0.5 · (rs + rt) otherwise.

(10)
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The quantities wt|s, after computed, are normalized locally to fit in the [0, 1]
interval to obtain wN

t|s. This normalization is accomplished locally among the con-
nection segments sharing the same extremity of a detected segment. V2(fs, ft)
is defined based on the belief that every time a connection segment is labeled
as zero then the likelihood that the corresponding detected segment is isolated
is increased. Note that in the case of a configuration labeling of a connection
segment without its corresponding detected segment, a high penalization is in-
cluded. This corresponds to the analysis that connection segments will not be
included without the evidence of a detected segment in one extremity.

From equations (4), (8), (9) and Table 1, we can express the proposed graph
cut energy in the form of Eq. (6) as follows:

E(f) =
∑

s∈Ω

[L(fs, ys) + V1(fs)] +
∑

(s,t)∈Ωd×Ωc:t∈Ns

V2(fs, ft) . (11)

The proof of the required regularity condition, Eq. (7), for the current defini-
tion of the clique potentials is straightforward as shown in Eq. (12):

V2(0, 0) + V2(1, 1) ≤ V2(1, 0) + V2(0, 1) (12)
0 + Kco · sin θst ≤ +∞ + Kex · wN

t|s

3 Results and Discussion

In order to validate the proposed approach, some experiments were conducted
using images corresponding to the blue channel of two scenes from IKONOS im-
agery, given in 2.a and Fig. 3.a. Images are available at (http://www.bauv.unibw-
muenchen.de/institute/inst10/eurosdr/).

The experiments were carried out as follows: for each image, a graph con-
taining the potential road network was obtained, using the local analysis step
described in [8] (incises b). Based on this graph, the global analysis step (graph
labeling) was accomplished using the proposed approach for different sets of pa-
rameters settings (incises c and d). Fig. 2.b illustrates the detected candidate
road segments of Fig. 2.a, composed of 630 and 441 detected and connection seg-
ments, respectively; Fig. 2.c and Fig. 2.d show the obtained road labeling, with
parameters τ = 0.165, Kco = 0.01, Kex = 0.13, and τ = 0.15, Kco = 0.008, Kex =
0.135, respectively.

Fig. 3.b illustrates the detected candidate road segments of Fig. 3.a, composed
of 870 and 704 detected and connection segments, respectively; Fig. 3.c and
Fig. 3.d show the obtained road labeling, with parameters τ = 0.15, Kco =
0.09, Kex = 0.12, and τ = 0.155, Kco = 0.09, Kex = 0.135, respectively.

In both cases, the proposed approach using graph cuts takes less than 1 sec-
ond for the optimization while the time required by the method reported in
[8] takes up to 10 minutes. As can be visually noticed, the obtained results are
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(a) (b)

(c) (d)

Fig. 2. Image Ikonos1: a) original image; b) candidate road segments; c) road labeling
composed by 63 and 51 detected and connection segments; d) road labeling composed
by 55 and 45 detected and connection segments

acceptable in terms of false alarms and correct detection of roads. Some false
alarms corresponds to the detection of elongated linear structures other than
roads, e.g. ridges and bright terrain patches. These erroneous detections are
thought to be favored by the employed observation model [8], and its ability to
effectively describe road and non road linear structures (likelihood value).

Note that the resulting road labeling, is always limited by the quality and
completeness of the potential road network, obtained in the local analysis step.
The setting of the parameters has been made empirically, using the fact that
the parameter τ depends on the intensity of the roads. The setting of Kco, as
expected, was found to be related with the presence of curvilinear roads. Lower
values of Kco favors the labeling of segments corresponding to curved paths,
since its reduces the penalization for non co-linear segments.
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(a) (b)

(c) (d)

Fig. 3. Image Ikonos3: a) original image; b) candidate road segments; c) road labeling
composed by 65 and 49 detected and connection segments; d) road labeling composed
by 50 and 39 detected and connection segments

4 Conclusions and Future Work

Despite of its simplicity, the proposed approach shows a noticeable improvement
in terms of processing time, while achieving good results. Although the obtained
results were satisfactory, these are only preliminary. Improvements should ad-
dress the observation model, and take into account curvilinear roads as well as
the automatic estimation of the involved parameters, by deriving relationships
among them. In the future, we aim to tackle these issues and to conduct several
experiments to make a comparative analysis with other methods and different
optimizers in terms of computational burden and performance.
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