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ABSTRACT:

We propose a new algorithm for network segmentation from very higblugsn (VHR) remote sensing images. The algorithm
performs this task quasi-automatically, that is, with no human interventiogpéxo fix some parameters. The task is made difficult
by the amount of prior knowledge about network region geometryad&alperform the task, knowledge that is usually provided by
a human being. To include such prior knowledge, we make use of nwtgidal advances in region modelling: a phase field higher-
order active contour of directed networks is used as the prior modeédion geometry. By adjoining an approximately conserved
flow to a phase field model encouraging network shapesrégions composed of branches meeting at junctions), the modelr§avou
network regions in which different branches may have very diffesdths, but in which width change along a branch is slow; in which
branches do not come to an end, hence tending to close gaps in thekgetmain which junctions show approximate ‘conservation
of width’. We also introduce image models for network and backgrowhith are validated using maximum likelihood segmentation
against other possibilities. We then test the full model on VHR optical aritigpectral satellite images.

1 INTRODUCTION that, at junctions, there is approximate ‘conservation of width’:
for example, several small incoming branches combining to form
In this paper, we address the problem of road and hydrographia larger outgoing branch. These characteristic geometric prop-
network segmentation from VHR optical and multispectral im- erties are different from those of road networks in VHR images
ages: given an imagg, we seek the regio® in the image do-  of urban areas (Peng et al., 2010), and from those of networks
main(2 that contains the network. We would like to perform this in medium resolution images (Rochery et al., 2005); the problem
task quasi-automatically, that is, with no human intervention extherefore requires the use of a new model.
cept to fix some parameters. Such segmentation problems remain
challenging due to a combination of difficulties. First, the net-In (El Ghoul et al., 2009b), the model used here was described,
work is usually not distinguishable from the background usingbut the automatic parameter setting described herein was not used,
image measurements alone. Rather, knowledge of the geomeand the model was not applied to or tested on real images. Real
ric properties ofR (e.g. , that it is composed of branches that images generate the second difficulty described above. To ad-
meet at junctions) is necessary for successful segmentation. Cutess it, we also propose generic models for the image in the net-
rently, this knowledge is provided, in one way or another, by awork region and in the background whose parameters can easily
human being. Automation of the segmentation process therefofee learned from examples of these two classes. We test these
requires models that incorporate this knowledge of region geommodels on several VHR images. The image models are com-
etry. This is a nontrivial matter, particularly since the regionspared to other possibilities using maximum likelihood (ML) clas-
corresponding to networks have huge variability in their topol-sifications. They outperform standard indices, which suggests
ogy as well as their geometry. Second, there is great variability irihat their performance when combined with the region geometry
the appearances of network and background from one image twodel will also be superior. We then test the full model, com-
another. Third, models incorporating the necessary prior knowlbining the phase field model of directed networks with the image
edge of region geometry are complex, and this leads to efficiencjnodels, on several satellite images. The segmentation problems
issues when confronted with the large size and number of imagdgvolved are very hard, but the results show that the new algo-
to be processed. rithm is able to ignore confounding factors in the background
due to the sophisticated knowledge of region geometry it con-
The contribution of this paper is a new algorithm for road and hy-tains, and is able to complete the network over reasonable gaps.
drographic network segmentation from VHR remote sensing im-
ages of rural and non-urban areas which present many occlud&kfore going on, it is useful to formalize the problem and our ap-
parts of the network entity to be extracted. Our new algorithmproach to solving it, and to introduce some notation. We seek to
uses recent advances in shape modelling allowing the incorporanfer the regionR containing the network from the image ddta
tion of sophisticated prior knowledge about network region ge-and our prior knowledgds, e.g. of image formation, network
ometry, thereby addressing the first difficulty. A ‘phase fieldgeometry, and so on. In other words, we wish to construct a
higher-order active contour’ (‘phase field HOAC’) model of di- probability distribution RR|I, K) for the regionR containing
rected networks (El Ghoul et al., 2009b) is used to favour regionshe network, given the current image ddtand our knowledge
composed of branches that meet at junctions. The network corK. As usual, this can be written as the product of a likelihood
tains a ‘flow’, which is approximately conserved. This means thaP(I| R, K), which models the images we expect to see given that
the width of each branch changes slowly, while different branche®2 C 2 corresponds to a network, that the image is a VHR op-
can have very different widths; that branches tend not to end; antical image, etc.; and a prior(RR|K), which incorporates our



knowledge of network region geometry. We will further factor- attempts to allow a greater range of widths have the unfortunate
ize the likelihood terminto PIr|R, K) and RIz|R, K), thatis  side effect of allowing width to vary rapidly along one branch:

into separate models for the imagig in the network regionR the branch sides lose their ‘rigidity’. The second difficulty is that

and the imagd 3 in the background?. The phase field HOAC the early model in (El Ghoul et al., 2009a) had problems closing
model of directed networks then corresponds (&F<), while large gaps in the network. The work of (Peng et al., 2010) solves
our image models correspond t¢/|R, K) and RIz|R, K).  these problems for urban road networks, but the solution involves
In practice, we will deal with negative log probabilitieise. a  favouring long straight branches, which is again not well adapted

total energyE(R,I) = —InP(R|I, K) that is the sum of a to non-urban road and hydrographic networks.

likelihood termEi(I, R) = —InP(I|R, K) and a prior term

Ep(R) = —InP(R|K).) We will then extract a maximura  To overcome these difficulties, (EI Ghoul et al., 2009b) intro-
posteriori (MAP) estimate forR by minimizing E(R, ) over R. duced a phase field HOAC model for directed networks, in order
This will be done using gradient descent. to capture some of their distinctive geometric properties. Because

these geometric properties are linked to the fact that directed net-
In section 1.1, we justify our choice of shape modelling frame-works carry a conserved flow, the model contains, in addition to
work by surveying the alternatives. In section 2, we recall brieflythe phase field specifying the network region, a vector field rep-
the theoretical background of the models used: sections 2.1 and &2enting a ‘flow’ in the network. The magnitude of the field
recall the undirected and directed phase field HOAC models reis approximately constant, and the flow is approximately con-
spectively. In section 3, we describe the test results obtained iserved. As a result, branch width tends to change slowly and
applying the algorithm to VHR images: we compare ML seg-branches tend not to end, as both these would change the flow.
mentations using different image models, and then test our newt junctions, there is approximate ‘conservation of width’ so that
algorithm including the full model. We conclude in section 4.  incoming flow be approximately equal to outgoing flow. How-

ever, the model was only tested on a synthetic image showing the
1.1 Previouswork shape of a river, albeit with success.

The models used in most previous work on region segmentatiof?ther attempts to solve the hydrographic network segmentation
do not incorporate any nontrivial knowledge about region geomProblem include the work of (Dillabaugh et al., 2002). This work
etry. For example, standard active contours, introduced by (Kag$S€s an interesting multiscale approach, but relies on user input to
et al., 1988), further refined by many authors, and applied in &Pecify network endpoints, and is limited in the network topolo-
huge number of other papers, contain only the prior knowledgdies thatitcan find. The work of (Lacoste et al., 2004) models the
that the region boundary should be smooth. As we have emph&€twork region using a marked point process of polylines. This
sized, this degree of prior knowledge is almost never enough fofodel works well when the network has constant width over sig-
the automatic solution of segmentation problems on real imagedlificant distances, since each polyline has a fixed width. (Lacoste
whatever the domain. As a result, recent work has developefl &l-, 2005) uses an initial segmentation by Markov random field
models incorporating more sophisticated knowledge of region geds & seed from which to build a hierarchical model of the network
ometry. Most of this work models an ensemble of regions as perSing a marked point process. This works well when the image
turbations of one or more reference regions, for example (CreiS sSufficiently clean for the MRF segmentation to capture most
mers et al., 2003, Rousson and Paragios, 2002, Srivastava et &f,the network, and when the network has a tree structure. For
2003, Foulonneau et al., 2003). This is an intuitive and usefuft 'eview of the large number of techniques that have been devel-
approach, but it is inappropriate when the region sought can havePed for road network segmentation, see (Mena, 2003). How-
arbitrary topology, since such an ensemble of regions cannot b@ver, none of these solve the problem of network segmentation
described as perturbations around a finite number of reference r&©m high resolution images in a quasi-automatic way.

gions. Since networks can have arbitrary topologg. éeveral
connected components, each of which can have loops), the above 2 PRIOR MODEL Ep
work is not applicable to the network segmentation problem.

To model regions with potentially arbitrary topology, higher-orderIn th's SeCt'O_n' we present the prior modad. We begin by_ re-
active contours (HOACs) were introduced by (Rochery et al.calling the simplest phase field HOAC model of an undirected
2006). The HOAC prior energy defined by (Rochery et al., 2006)rletwork (Rochery et al., 2005),. since this is the base on which
was used to model undirected network regions and to extract roati® Medel of directed networks is built.

networks from medium resolution optical images. The contour,
representation used by (Rochery et al., 2006) suffers from man
drawbacks, however. To overcome these drawbacks, (Rochery e

al., 2005) reformulated HOACs as nonlocal ‘phase field” mod-~ phaSﬁ fieldf@ :3 3 real-valued fun(_:tiorll) onhthehimar?eldd_omain
els. This formulation facilitates model analysis and implemen-2- A phase field determines a region by the thresholding map

tation, allows a ‘neutral’ initialization and complete topological ¢=(¢) = {z € = ¢(z) > z} wherez is a given threshold. The

freedom, and results in reduced execution times, sometimes lRFS'C phase field energy is

an order of magnitude. Phase field HOAC models of undirected

networks have proved their efficiency for road network segmen- s (4) — / &P {Qa¢ - 8¢

tation from medium resolution images of rural or semi-rural ar- 2

eas (Rochery et al., 2005), and high resolution images of urban ot ¢? 3

areas (Peng et al., 2010), but the models are not well adapted to +A ( ) t+a <¢ - j)} 1)

non-urban road network segmentation from high resolution im-

ages, nor to hydrographic network segmentation. The main prob-

lem is that the branch width in these models is very tightly con-If (1) is minimized subject ta.(¢) = R, i.e. for a fixed re-
strained. This works well for medium resolution where the rangegion, then away from the boundary, the minimizing functitg

of visible widths is not large, but at high resolution and in hy- assumes the valueinside, and—1 outside R thanks to the ul-
drographic networks, the range of widths is much greater. Naivéralocal terms. To guarantee two energy minima-(atand1),

.1 Undirected network model

4 2



the inequality > |a| must be satisfied. We choose> 0 so
that the energy at 1 is less than that dat The derivative term en-
sures the smoothness@f, producing a narrow interface around
the boundary) R interpolating betweer-1 and+1.

To introduce prior shape information, a nonlocal term is then

added to give an energys = E; + Eni (Rochery et al., 2005):

Exvn(¢) =
|z — o]

- g/m &P &2 9(x) - 9p(a’) W <T) . @

The second term in equation (3) penalizes the divergenae of
This represents a soft version of flow conservation, but in prac-
tice the parameter multiplying this term will be large, so that in
general the divergence will be small. The third term is a small
overall smoothing term on (0v : v = Zmyn(amv")? where
m,n € {1,2} label the two Euclidean coordinates), since con-
straining the divergence is not sufficient to ensure smoothness.
Because of the transition frofw| = 1 to |[v| = 0 across the
boundary of the region, the divergence term tends to make
parallel to the region boundary, since this results in zero diver-
gence. The smoothness and divergence terms then propagate this
parallelism to the interior of the branch, with the result that the
flow tends to be along the branch. This fact, when coupled with

whered is the interaction range. This term creates long-range inghe constraint onv| inside the channel, means that width vari-
teractions between points 8 (becaus@¢r is zero elsewhere) 4iinns are constrained to be slow along a channel, since total
using an interaction functionyf, which decreases as a function of g4, is directly related to branch width. At the same time, the

the distance between the points.

In this paper, the interaction functioh is taken to be the mod-
ified Bessel function of the second kind of orderK,. This

choice, as opposed to that used in (Rochery et al., 2005), af

use ofU = Ky, means that different branches may have very
different widths. At junctions, the conserved flow along each
branch favours ‘conservation of width’: the (soft) constraint that
otal incoming flow be approximately equal to total outgoing flow

lows a wide range of stable branch widths. However, it also al_translates to the sum of the incoming widths being approximately

lows the width of individual branches to fluctuate rapidly, becauseequal to the sum of the outgoing W'dth.s' Thu_s the lntrod_uctlon of
it reduces branch ‘rigidity’. To allow a wide range of branch thq new fieldv cz.an'favou.r network regions with geometric prop-
widths while constraining the rate of change of the widths oferties characteristic of directed networks.

individual branches (without imposing straightness of branches

as in (Rochery et al., 2005)), and also to favour other important ) .

properties of directed networks, it is necessary to augment thi¢2-1 Parameter settings Requiring(—1,0) and(1, 1) to be
model with an extra field representing a ‘flow’ in the network. €xtrema of the potentiab reduces the number of free parame-
This leads to the phase field HOAC model for directed networks!ers of W from seven to four, while requiring these points to be

to be described next.

2.2 Directed network model

minima (.e. the Hessian at these two points should be positive-
definite) generates further lower and upper bounds on the remain-
ing parameter values.

The phase field HOAC model for directed networks was intro-
duced by (El Ghoul et al., 2009b). To model directed networksWe fix further relations between the parameters by requiring that

the phase field is augmented by a new tangent vector field
that loosely speaking represents the ‘flow’ in the network.

The total prior energyEr(¢, v) is then the sum of a local term
Ey(¢,v) and the nonlocal ternfonr, (¢) given by equation (2).
Ey is given by

E0(¢7 U)

"2 | D D, 2
/Qd Jz{aﬁdr(‘?d)—i—?(a-v)

+%6v : 8U+W(¢’7v)} )

the two minima described above be the only local minima; triat

be bounded below; and that the potential energy of the network
region R be greater than of the backgroudd i.e. w(1,1) >
w(—1,0). The resulting potential has a saddle point lying be-
tween the two minima at a poirfts, vs). This point plays an
important role: the ‘neutral’ initialization of the gradient descent
algorithm is given by(¢, |v|) = (¢s, vs), the direction ofv be-

ing random. In addition, we constrain the paramétér Eni, SO

that the part ofEp containing derivatives,e. everything except

W, be positive definite (it is a quadratic form). Since constant
values ofp andwv produce zero in these derivative terms, which is
the global minimum value of these terms, and since constant val-
ues of¢ andv equal to those at the global minimum1f, which

W (#,v) is a potential with two degenerate sets of minima, atis W (-1, 0), produce the global minimum 6%, the global min-

(¢, |v]) = (—1,0) and (¢, |[v]) = (1,1). These minima define
the stable phases corresponding@and R respectively, replac-
ing ¢ = £1 in the undirected model. The potentid is a fourth
order polynomial inp and|v|, constrained to be differentiable:

2 2
+ ()\22% + X219 + )\20)%

4 3 2
+ )\04& + )\03¢* + )\ozg +Xo1gp . (4)
4 3 2

1To avoid misunderstanding, we stress thas not intended to rep-
resent the physical flow o&.g. water, in the network, nor is the model
intended to model the physical behaviour of the flow. Rathés,an aux-
iliary variable that acts to favour certain geometric praigsrof the net-
work. (Since it is not coupled to the image, it is, probahiislly speak-
ing, a ‘hidden variable’.) At the same time, it is not a coincide that
shares many of the properties of physical flows, such as smesgrand
conservation, nor that the resulting stable configuratiesemble physi-
cal flows in the network.

_

W(g,0) =

imum of Epis at(¢, [v]) = (—1,0).

The energyEp can favour different stable geometric configura-
tions depending on the values of the parameters remaining after
the above constraints have been imposed. Since we are interested
in modelling networks, we need to choose parameter values that
favour networks as stable structures. Such values can be found
using a stability analysis of the model. We assume that network
branches are long enough and straight enough that their stability
can be analysed by considering the limit of a long, straight bar,
whose symmetry facilitates the analysis. We do not detail here
the stability calculations because they are lengthy: they will be
reported elsewhere. The stability analysis of a network branch
places constraints on the parameter values of the model. In all
the experiments, we use these constraints to fix further parame-
ter values, and to replace others with physical parameters such as
average branch width.



3 EXPERIMENTAL RESULTS Completeness Correctness| Quality
NDVI 0.4296 0.3965 0.2598
Having presented the prior modEp, we are now nearlyinapo- | a MG 0.6920 0.3423 0.2970
sition to describe experiments testing the properties of the model MMG 0.7510 0.3000 0.2728
and its performance i.n n.etWOI’k segmentation. First, however, w NDVI 0.4745 0.6536 0.3791
have to de.scrlbe the likelihood enerBy(R, I) = —InP(I|R, K) b NG 0.7166 0.4958 04145
that we will use to create the complete modlélz_ Ep + 0F) MMG 0.7983 03521 03233
where the parametérbalances the two terms. Since we test the,
model on0.61m resolution multispectral VHR Quickbird images NDWI 0.6280 0.9446 0.6057
with four channels (red (R), green (G), blue (B) and infrared (1)),| € MG 0.7835 0.8468 0.6862
and optical colour images, we need a model of such images. As MMG | 0.8485 0.7424 0.6555
already stated, we will assume that the likelihood can be factor- NDVI 0.6776 0.4517 0.3718
izedasRI|R, K) = P(Ir|R, K)P(Iz|R, K),andwe thusneed | ¢ MG 0.9060 0.4099 0.3932
models for the image i and R. MMG 0.8634 0.4641 0.4323
3.1 Likeihood energy Table 1: Quantitative evaluations of the ML segmentations given

infigure 1. a, b, ¢, and d correspond to the fourimages in figure 1,

In (El Ghoul etal., 2009a), the road network segmentation perforfrom left to right. Completeness= TP/(TP + FN), correctness=
mance of a phase field HOAC model for undirected networks wad P/(TP + FP) and quality = TP/(TP + FP + FN). T, F, P, and N
tested using two classes of likelihoods (the same class was usedrrespond to true, false, positive, and negative respectively.

for both R and R): a multivariate Gaussian (MG) and a mixture

of two multivariate Gaussians (MMG). In ML segmentations, theimages are indeed closed thanks to the contribution of the diver-
performance was mixed, but when combined with the prior engence term: when divergence of the vector field is heavily penal-
ergy, the MMG model was found to outperform the MG model, ized, network branch extremities prefer to meet and close gaps
with the improvement being most significant when the image wadecause in this way flow can be conserved. This does not oc-
very heterogeneous. Here, we test the ML performance of thesglr using the undirected phase field HOAC model described in
two likelihood classes on the images used in this paper, and consection 2.1, as shown in (El Ghoul et al., 2009a).

pare them to segmentations obtained using the normalized differ- . . ) )

ence vegetation index(DV I = (I—R)/(I+R)) (Rouse etal. The result in the third row emphasize the role of the divergence
1973, Tucker, 1979) and the normalized difference water indeferm atjunctions. The divergence-free property of the vector field
(NDWI = —(I — G)/(I + G)) (McFeeters, 1996). We apply favours junctions where total incoming branch width equals total
the former to images of road networks in which the background?!tgoing branch width. Figure 3 shows streamline plots of the

is mostly vegetation, and the latter to an image of a hydrographi@”al vector field configuration superimposed on the thresholded
network. The4®, 5" and6'" rows of figure 1 show ML seg- ¢ corresponding to the last two segmentation results in figure 2.
mentations using NDVI/NDWI, MG, and MMG respectively. The vector field is indeed of constant (unit) magnitude inside the

network, parallel to the network boundaries, and smooth; the flow
Table 1 shows quantitative evaluations of the quality of the MLis approximately conserved along network branches and in partic-
segmentations using NDVI, MG, and MMG. The bold numbersular at junctions, where the total incoming flow is approximately
show the best ML segmentation method. In all experiments, th@qual to total outgoing flow.

NDVI results show lower performance, according to the quality . )
Figure 4 shows the segmentation of a river network from a colour

measure, compared to the MG and MMG results. The NDVI re-"9-1< 3 A :
sults on the first and second images show that most of the hiddgiPticalimage: The likelihood model used was the same, but with

parts of the network are not retrieved because they resemble vegP€ €ss band. The flow conservation property and its geometric
etation more than network. The result is the presence of mangPnSequences enable the algorithm to avoid confounding factors

lengthy gaps in the ML segmentation. Because these gaps are ipthe background and segment the network to a good accuracy.

long, it is very unlikely that the prior term would close them. In . .

contrast, the MG and MMG segmentations include most of theThe rgsults V\r']e hav_e sh(_)wn r]:erehstllfl have f_alssl pOEItIVGS a_nd false
network, but also many points of the background, which the priornegatlves. The main raison for the former is that the gradient de-
model should be able to eliminate. When coupled with the result§Cent algorithm becomes Ioca!ly stuck na local minimum, so.tha.t
of (El Ghoul et al., 2009a) showing that MMG outperforms MG Some of the background remains classified as network even if this

these results lead us to choose the MMG model to construct the globally energetically unfavourable. The main reason for the
likelihood energyE; latter are long gaps in the visible network caused by occlusions.

3.2 Segmentation results 4 CONCLUSION

In order to compute a MAP estimate fo(R| I, &), we use gra- e have proposed a new algorithm for the segmentation of net-
dient descent to seek minima &f = Ep + 0Ej. To reduce the  oris from VHR satellite images. Such networks have character-
computational complexity, we primarily test the model on smalligtic geometric properties: network branch widths change slowly
images of size56 x 256, some of which were obtained by re- 4ithough different branches may have very different widths; while,
ducing the resolution of the original images. We discuss this po'”étjunctions, there is approximate ‘conservation of width’. To seg-

further in section 4. ment such networks (quasi-)automatically, requires models that

Figure 2 shows segmentations of the images shown in figure 0.2712, —0.6,0.2645,0.0629, 1.68, 0.2649, 100, 0.03), (0.1, 0.0164,
obtained using the new algorithtnThe results in the first and 0.1162, —0.8,0.0512, 0.0205, 1.45, 0.0227, 200, 0.01), (0.412,

second rows show that most of the gaps present in the originat0-0008, 0.0022, —0.6,0.257, 0.0083, 8.33, 0.275, 50, 0.04),  and
(0.4, —0.018,0.15, —0.8, 0.548, 0.0316, 3.45, 0.150, 50, 0.04).

2parameter values were, for the 4 images in figure 1 from left to  3Parameter values wer€\oa, \o3, A2z, A21, D, 3,d, Ly, Dy, 0) =
right: (Ao4, Aos, A22, A21, D, B,d, Ly, Dy,0) = (0.3375,—0.1767, (0.25,0.0323,0.1138, —0.8,0.1903, 0.0176, 2.56, 0.0644, 100, 0.07).




Figure 1: Each column corresponds to a multispectral Quickbird
image. The resolution of the first three images jid the origi-

nal resolution 2.44m) while the fourth image is at full resolution
(0.61m). From top to bottom: RGB channels of the images; GBI
(mapped to RGB) channels of the images; reference segments
tion; segmentations obtained using NDVI (columns 1, 2, and 4)
and NDWI (column 3) and optimal thresholding; ML segmen-
tations using the MG model; and ML segmentations using the
MMG model. (Original imageg0)DigitalGlobe, CNES process-
ing, images acquired via ORFEO Accompaniment Program).

Figure 2: Left: RGB channels of multispectral QuickBird im-
ages; right: segmentation results, using the new algorithm, super-

incorporate this prior knowledge of network region geometry. W
P P d giong v jmposed on GBI (mapped to RGB) channels.

use a phase field HOAC model of directed networks to mode
region geometry and incorporate these properties. In addition
to terms favouring network regions, the model contains a vector

field representing a ‘flow’ in the network. This flow has approx-
imately constant speed and is approximately conserved, whic\E‘e authors thank the French Space Agency (CNES) for the satel-

leads the model to favour network regions possessing the abo e images, and CNES,_the_PACA_ Region, and INRIA Associated
geometric properties. Coupled with suitable image models, thd €am SHAPES for partial financial support.

model results in a quasi-automatic network segmentation algo-

rithm with good performance, capable of closing many gaps, and REFERENCES

of avoiding confounding factors in the background.
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