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ABSTRACT model is useful for several applications, notably to the seg-

We propose a binary Markov Random Field (MRF) modelmer:gtfg of treg crovy;sdfrt())m aerial |;naggs [5}' d

that assigns high probability to regions in the image domain . . S are described by energy unctionals, an energy
consisting of an unknown number of circles of a given radiusMniMization is performed via grad|ent_ des_c_er_ut. A probabilis-
We construct the model by discretizing the ‘gas of circles’t'c version of these models, although |mpI|_C|t in the use of an
phase field model in a principled way, thereby creating arfergy. has not ygt been formulated explicitly, but would open
‘equivalent’ MRF. The behaviour of the resulting MRF modelthe door. to learning shgpe model param_eters and _to using
is analyzed, and the performance of the new model is demor?-FOChaSt'C descent algorithms to make estimates. This means

strated on various synthetic images as well as on the probleﬁ*sc,:renzmg the space of regions so th"."t everyt'hlng is well-
of tree crown detection in aerial images. efined, and in a way that preserves the information content of

the model: the discretized model should be ‘equivalent’ to the
Index Terms— segmentation, Markov random field, continuum model. This is complicated in terms of contours,
shape prior but fortunately, HOACs can be reformulated as ‘phase field’
models [6]. Phase field models can naturally be viewed as the
1. INTRODUCTION Gibbs energies of continuum Markov random fields, and can
be discretized on a spatial grid, thereby greatly simplifying
When people interpret images, they take into account not onliyoth the discretization and its subsequent implementation.
the image data, but also their prior knowledge about the phe- In this paper, we describe a Markov random field model
nomena that generated the image. If machine methods atleat is approximately equivalent to the phase field HOAC
ever to duplicate human performance, they must be able tmodel described in [7], including the ‘gas of circles’ pa-
include this knowledge in mathematical models. In particurameter constraints. We test the performance of the model,
lar, for the segmentation of entities in an image, the shape ahinimized using simulated annealing with a standard Gibbs
the entity involved plays an essential role, and in consequen@@mpler, on synthetic images, and apply it to tree crown
various approaches to the modelling of prior shape knowlextraction from aerial images. The main contributions of
edge have been studied. Many incorporate shape knowledtfge work are the construction of a probabilistic model of
by weighting different regions according to their ‘proximity’ HOACS, the incorporation of prior shape knowledge into an
to one or more template shapes [1, 2]. However, in many apgMRF model, and the subsequent improvement in applica-
plications, there is ama priori unknown number of instances tions when compared to classical MRFs, including increased
of an entity in the image, all of which must be segmented, siobustness to clutter and noise.
problem that is difficult to address using templates. On the
other hand, Markov random fields are well suited to segmentt.1. The 'gas of circles’ phase field model
ing multiple instances, but little work has been done on in- ] ]
cluding prior shape knowledge in such models [3]. The phase field framework repre_sents a redidyy a function
Higher-order active contours (HOACs) [4] can incorpo-® 2 ¢ : D — R defined on the image domain C R?, and
rate sophisticated prior shape knowledge without using tenf threshold: R = (.(¢) = {x € D : ¢(x) > z}. The func-
plates. They can therefore be used to segment multiple ifflon is controlled by an energy, which imposes both a form on
stances of an entity. In particular, in [5], a stability analysis? @nd energetic constraints on the corresponding region. We
was used to tune the parameters of the model in [4] so as @'t from the phase field energy(¢) of [4]:
make regions consisting of an arbitrary number of circles of P &

2
a given radius into local energy minima. This ‘gas of circles’ FE(¢) = / %Wqﬁ? + Af (Z — 7) +ay (qS - —)
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whered controls the range of interaction, and we would haveg,, () = wg), Whereg is define byz <
Co(z)- This value can be substituted infa. Writing [, =
(2) = { 2(2— |z + Zsin(nlz))) if [|z] - 1] <1, ) > ses J. » and using the fact thaf(x) is constant on each

H(|z| — 1) otherwise. cell, we then find that, up to an additive constant,
where H is the Heaviside step function. It is convenient to 2af Dy
integrate the non-local term ifd by integration by parts: w) = Z{ 3 Ys + 5 / |v‘“<(w)| }
p
—&/ VQSV’QS'\IJ((a:—x’)/d) +7fZFss’wsws’7
2 DxD’ s,s’
D sy v o)) |
T2 Jpun T : whereF,o = [ . G((x —2')/d). Note thatF,» = 0 if

G((w—a")/d) |s —s'| > 2d, and that the derivative term is not well-defined.
For non-zeraD; and 3¢, but far fromoR, we will still
have¢, = w(,); indeedD; # 0 reinforces this. NeabR,
there will be a smooth transition betweeri, controlled by
the constraint (3). Due to the parameter settings used for the
phase field model, and the resulting width of the boundary
layer, the most significant deviations fram,), and hence
the largest gradients, will be at the interfaces between pairs
of nearest neighbour cells of opposite sign. These deviations
will have little effect on the nonlocal term, since it is a sum
o over a large region, and so we can leave = w(,) in this
L : term. Consider now the derivative term. It can be rewritten

'° S [ver=gE S [ e

s s'~s

The valueg r that minimizesF for a fixed regionR takes
the valuest1 inside R and—1 outside, away from the bound-
ary OR, while changing smoothly from1 to +1 in a narrow
interface region aroundR. In the ‘gas of circles’ model, the
parameters off are adjusted so that a circle of the desired
radius is a local minimum and therefore stable [5, 7].

where~ is the nearest neighbour relation. As just stated, the
integrals will be small unlesév, — wy)? # 0. We assume
that the integrals for each pair of such neighbours will be the

Fig. 1. The higher order interaction functighfor d = 2. same. The final MRF energy can therefore be written
=« Ws + — — ws
2. DISCRETIZATION Z Z;
We discretizeD as a finite rectangular latticg C Z2? c R2. + g Z Foy wswg . (4)

Each lattice site € S corresponds in the standard fashion to

a rectangular celt; C D. A region will be represented by a

functionQ > w : § — {£1}. ThereisamapV : & — wherea = QO“Tf 8 = B¢, andD o« Dy incorporates the

integral over pairs of boundary cells.
wS:W(<Z>)s:2H(/ ¢)—1. 3)
3. MARKOV MODEL

Using W, we want to construct an MRF that is ‘equivalent’

to the phase field model. Since we will compute MAP esti-The discrete energy functional in Eq. (4) defines an MRF with

mates, and since we wish to preserve the property that circlesspect to an appropriate neighbourhood system. In Eq. (4),

of a given radius have higher probability than neighbouringhere are two type of interactions: the finite difference ap-

configurations, we define the MRF energy to be proximation of the gradient term, corresponding to classi-
. cal nearest neighbourslqubletoninteractions); and the in-
Uw) = pin_ E(¢) = E(do) - teractions governed by kerngl,, corresponding to a neigh-

bourhood of diameted (long-rangeinteractions). Since the
Note thaty,, may not be unique due to the translation invari-size of the neighbourhood is dominated by the latter(2
ance of E. The nature ofp,, can be deduced from the de- in practice), the neighbourhood of a siiec S is the set
scription of ¢ in the previous section. Wel®; = 3y =0, {s' € S: |s—s'| < 2d}. In addition, we have theingleton



classical MRF gocMRF
Noise || FP (%) | FN (%) Noise || FP (%) | FN (%)

s @ singleton 0 03 03 O 02 10
o sabicons -5 1.8 2.0 -5 1.2 1.7
tong range -10 2.5 7.2 -10 2.1 4.3

* @ long range -16 4.2 24.5 -16 3.9 8.5
-20 9.8 39.6 -20 6.4 16.5

Table 1. Results on synthetic noisy images.
Fig. 2. MRF neighbourhoodd = 2, i.e.|s — s'| < 4).
tions, the doubleton potential far~ s’ is

terms. These structures are illustrated in Fig. 2. We now dis- ;

. . 9 0.82D; if ws # wy,
cuss the singleton, doubleton, and long-range clique poten- Vi, s} = D(ws —wy)” = 0 therwi
tials and their effects in more detail. otherwise.

The first term in equation (4) has the fod_ V;, where
Vs = aws is thus thesingletonpotential. Its effect depends
on the sign ofa. Settingar > 0 favoursw, = —1 every-
where. Thus asv is increased, typical configurations have ,
less foreground pixels, yielding less circles. This is illustrated V{'s oy = BF sy ws wy = B ifw,s 7é_“’5”
in Fig. 3), where samples from the MRF are shown for differ- ’ +0Fss otherwise.
enta.

o = 0.1863 a=0.21 a=0.24 a =027

The long-range potential V{’S’s,} introduces the prior
shape knowledge. It is defined fos, '} with |s — §| < 2d:

From Fig. 1, it is clear that’”’ favours the same label when
|s — §'| < d’' (attractivecase) and different labels whdh <
|s — s'| < 2d (repulsivecase), wherd’ ~ d is the zero of7.

4. EXPERIMENTAL RESULTS

Fig. 3. Typical samples from the MRF defined By. the Original Nois imae Classical
effect of alteringy (d = 8, 5 = 0.096, D = 0.1545).

In addition, we will use a data likelihood that represents
the background and foreground pixel classes by Gaussian dis
tributions. This adds inhomogeneous term$/o The result
is that in the posterior probability fay, V; is given by

Fig. 4. Result on a synthetic image corrupted by additive
noise of—16dB.

2
Vi = aw —l—’y(ln(\/(Qﬂ)Uws) + (IS_/;“)> ) We use simulated annealing [8] with a standard Gibbs
20, sampler [9] to minimizeJ. The initial temperature was set
to 3 and we used an exponential annealing sche@ilg =
wherel : & — R is the image data. The parameters of the).977,,. The iterations were stopped when the temperature
Gaussian distributiong.; andoy; are learned from repre- decreased below.01.
sentative samples provided by the user. Table 1 shows the quantitative results obtained on a set
ThedoubletonpotentialVy, ./, is defined on setés, s'}.  of 160 synthetic noisy images. We compare the segmentation
Since the sum i is over the nearest neighbours of each results to a classical MRF model [10], which doesn’tinclude a
each doubleton is counted twice: this eliminates the fa%tor shape prior. For a fair comparison, the false-positive (FP) and
To fix D, we use the fact thaD is essentially equal to the false-negative (FN) rates were computed while excluding the
contour length parameter in the original higher-order activesmall circular regions. This is to avoid biasing the measure:
contour model [6]. Sinc®", ., (ws —wy)? measures bound- the classical MRF should detect all regions having a particular
ary length in the MRF, we should have = D;. However, intensity while our model will only detect the desired circles.
the MRF length term is bigger than the boundary length oBased on these numbers, it is clear that the proposed model is
((¢.) due to discretization effects. The ratio between theséess sensitive to noise. Fig. 4 shows a sample synthetic image
contour lengths isz 0.82. Taking into account these correc- and demonstrates the results for &dB noise level.



Tree crown detection in aerial images can be used to com- & )
pute a number of the tree plantation statistics used for efficient | g & s ©
forestry management. The main challenge to successful de- iy . &
tection is the cluttered background, which causes traditional %
segmentation methods to fail. Fig. 5 and Fig. 6 show some
results. In Fig. 5, the trees are difficult to separate due to b
shadows, blur, and vegetation between neighbouring crowns. - R
In Fig. 6, the classical MRF model fails to separate trees Classical MRF gocMRF
from background vegetation because they have similar inten-, oo )
sity distributions. Obviously, the parameter of our model, F19- 6. Aerial image of sparsely planted trees. The classi-

controlling the approximate radius of the detected trees, mu%talI IEARF fagls bec_au_lse thekl_ntensmes of the fg_reground and
be set correctly in order to achieve the best performance. 2ackground are similar making separation ambiguous.
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