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Abstract:  The study of cerebral micro-vascular network requires high resolution images.
However, to obtain statistically relevant results, a large areaof the brain (about few square
millimeters) has to be investigated. This leads us to consider huge images, too large to

be loaded and processedat oncein the memory of a standard computer. To consider a

large area, a compact represeration of the vesselsis required. The medial axis seemsto

be the tools of choice for the aimed application. To extract it, a dedicated skeletonization

algorithm is proposed. Indeed, a skeleton must be homotopig thin and medial with respectto

the object it represens. Numerous approachesalready exist which focus on computational

e ciency . However, they all implicitly assumethat the image can be completely processed
in the computer memory, which is not realistic with the sizeof the data consideredhere. We
presert in this paper a skeletonization algorithm that processeslata locally (in sub-images)
while preservingglobal properties (i.e. homotopy). We then shav someresults obtained on

a mosaicof 3-D imagesacquired by confocal microscopy.
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Calculs par blocs appliqgués a I'étude du réseau
micro-v asculaire cérébral

Résumé : L'étude du réseaumicro-vasculairecérébralrequiert desimagesde haute résolu-
tion. Cependart, pour obtenir desrésultats statistiquement signi catifs, on doit étudier un
partie étendue (quelques millimétres carrés) du cerveau. Ceci nous conduit a utiliser de
trés grandesimages,trop volumineusespour pouvoir étre chargéeset traitées dansla mém-
oire d'u ordinateur standard. Sil'on souaite traiter desimagesvolumineuse,l'on doit avoir
une représeration compacte des vaisseaux. Les lignes certrales des vaisseauxcorviennert
ici parfaitement. Nous proposonsici un algorithme d'extraction de squelette spéci que a
nos types d'imags. Un squelette doit en e et étre homotope, n et centré par rapport a
l'objet qu'il représene. De nombreusesapprochese caces d'extraction de squelette exist-
ent. Cependart, ellesconsidérert que lesimagespeuvent étre traitées en une seulefois, ce
qui n'est pasréalisabledans le casdesimagesque nous utilisons. Nous présenons ici un al-
gorithme de squelettisation par blocsqui présenelespropriétésglobales(i.e. I'homotopie) de
l'objet original. Nous montrons aussidi éren ts résultats obtenus sur une mosaiqued'images
3D acquisesau microscope confocal.

Mots-clés mosaiqued'images, topologie discrete, distance de chanfrein, axe médian,
squelette, amincissemen topologique
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1 Intro duction

The study of the brain micro-vascular network is crucial to understand brain behavior.
Indeed, the micro-vascular blood ow aects not only the macro-circulation [Kle0O1], but
also neurons nutrition and dewelopmert. A topological and morphometrical study of the
brain vascular network is thus necessaryto develop models dewvoted to better understand
functional imagery such asPET or fMRI. Theseimaging techniques,inducing great progress
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4 Fouard & al.

in brain cognitive function knowledge, are actually basedon a relationship between micro-
circulation and neural activity [HR02]. Someauthors [LHH* 93, Tur01] showed that fMRI
signal intensity strongly dependson micro-vascular density. To facilitate understanding of
the underlying mechanisms, a quanti cation of micro-vascular features, as for example the
number or the diameter of vessels,is needed. This could provide geometrical models to
model and/or simulate functional imaging modalities. Micro-vascularization study can also
characterize somebrain tissues,and particularly determine whether they are healthy or not
[CDM99, BGPAO3, FLO1].

Our application aims at providing tools for anatomists and neuro-anatomiststo better
study brain micro-vascular network. It turns out that extracting the vesselcertre lines is
an e cien t method to achieve this goal. Indeed cerire lines are compact represenations of
data and allow to compute vessellengths and junctions. With an additional distance map,
they also give vesselsgdiameters and density.

Above mentioned tools (centre line detection, distance map computation) have been
widely studied in the literature. However, for this particular application, a practical problem,
namely the size of the data to be processed,occurs that prevents us to re-use existing
methods, and that requiresthe designof dedicated methods.

Indeed, the study of a single microscopicimageprovidesuseful qualitative resultsthat can
hardly be extrapolated to the whole brain becauseof the small size of the imaged area. To
obtain statistically relevant quantitative results, a su cien tly large area (about few square
millimeters) of the brain has to be investigated. Moreover, the small diameter of micro-
vesselgabout 3 m ) requires high resolution images. To solve these problems, we pave the
areato study to build image mosaics:we acquire se\eral images(to cover a rather large part
of the brain) with a confocal microscope (for its high 3D resolution capacity). We obtain a
large amount of data, up to 4 gigabytes in size, which cannot be loaded and processedat
oncein the memory of a standard computer. Datasetshave to be stored out-of-core and can
only be partially loadedinto main memory for processing.

External memory algorithms and data structures [Vit01] aim at redesigningalgorithms
to run with minimal performancelossdue to out-of-core data storage. The portions of an
image loaded for processingwill be called blacksin the following.

Some image processingalgorithms might easily be applied block-wise without further
di culties (for example algebraic operations, morphological operators, ltering, etc.). This
is not the casefor skeletonization, becausewe must ensurethat both glokal (i.e. homotopy)
and regional (i.e. being located at the certre of the global object) properties of a skeleton
are presened while applying local operators.

This paper is an extended version of the conferencepaper [FMP * 04]. In the following
section, we presert our data, the imaging protocol, and the pre-processingstepsthat result
in a binary image. Next, a distance map based skeletonization algorithm is described.
The fourth section presens how to compute vesselscertre lines on image mosaics. The fth
section preseris samplesof result we obtained on synthetic data aswell asreal data. Finally,
we discussthe validity area of our results.

INRIA



Blockwise processing 5

2 Micro-V ascular data

The imagedmaterial comefrom Duvernoy's collection [DSV81]. Roughly speaking, a human
brain has beeninjected with Indian ink and then cut in thin sectionsto be obsened with
a traditional microscope (seeFigure 1). The visual (and fastidious) inspection of sewral

(a) Brain section (about (b) Optical microscope
10 10cm? wide) observation of a sulcus
(about 1 1cm? wide)

Figure 1: A brain section and a detailed image of one of its sulcus.

slicesyields useful qualitative obsenations about the cerebral micro-vasculature, but the
extraction of quantitative measureson a large area is unrealistic.

2.1 Confo cal microscop e observation

Thesesectionscan alsobe obsened with a confocal microscope. The meansizeof a confocal
microscope image is about 600 600 180 m storedonab512 512 128voxels(32M b)
image (seeFigure 2 (b)). The resolution of such imagesis 1:2 1:2 1:4m 2 and allows to
study small veinsand arteries as well asthe capillary bed (indeed, the smallest vesselshave
a diameter of about 3 m , sothe Nyquist criterion is veri ed). Quantitativ e parameterscan
be computed, but should carefully be extrapolated to larger portion of the section. Indeed,
a large number of vesselsare only partially imaged.

To image wider areas,an image mosaic hasto be built (seeFigure 2 (a)). The section
is located on a table which can be translated with a micro-metric screw. Once an image
is acquired, the section is translated, the acquisition of the next image is performed, and
soon. The size of the areathat can be soimaged is virtually unlimited. However, since
the acquisition time is rather important (between 10 and 20 minutes per image), we limit
ourselvesto mosaicsof about a hundred images, that already represeried seweral mm? of
the sectionand are su cien t to image a whole sulcus. The exampleshown in Figure 2 (a) is

RR n° 5581



6 Fouard & al.

(@) Image mosaic (about 7 7 0:2mm 2 wide) (b) Maximum Intensity Projection
(MIP) of one confocal image (600
600 180m 3 wide, resolution: 1:2
1.2 14m3)

Figure 2: An image mosaic corresponding to the sulcusarea of Figure 1 (b) and a sample
of a single confocal image of this mosaic.

built of 118imagesand coversabout 7 7 0:2mm? of the brain section. This corresponds
to a virtual image of approximately 6000 6000 128 voxelsand 4 gigabytes.

2.2 Filtering

We then perform some ltering on ead image, to improve the quality of the forthcoming
thresholding. First, we perform a median ltering (3 3 3 kernel) to remove salt and
pepper noise. Then, we perform a Gaussian ltering (3 3 3 kernel, = 1 voxel) to
smooth borders. Filter parametershave beenset empirically by experts. The gure 3 shows
a portion of a mosaicimage (a), after median Itering (b), and after Gaussian ltering (c).

2.3 Mosaic creation

Building a mosaic from sewral images requires the knowledge of their relative position
from eadh other. This position is given by the micro-metric screw when displacing the
imaged section under the microscope. However, someimprecision occurs betweenthe real
displacemen and the value indicated by the screw, and moreover, the induced errors are
cumulative. Thus, an automated repositioning is required.

INRIA



Blockwise processing 7

(a) Original image (b) After median ltering (c) After Gaussian ltering

Figure 3: MIP of a part of an image mosaicbefore and after lters.

To achieve a preciserelative positioning of the mosaicimages,we designthe acquisition
protocol sothat there is an overlap of about 50 voxels betweentwo adjacert mosaicimages.
This overlap allows to usestandard registration methods [MV98]. We restrict for the seard
of a 3-D translation that is computed by two successie steps.

" First, the in-plane (along X and Y directions) translation is considered. It is computed
by optimizing a similarity measureon the overlapping area. In our case,a simple Sum
of Squared Di erences (SSD) appearsto be enough. For computational purposes,
we perform this step by consideringthe Maximum Intensity Projection (MIP) of the
images.

Second, the in-depth translation is considered. Such a translation occurs when the
imaged sectionis not perfectly orthogonal to the optical axis of the microscope. Here,
the computation is conducted with the overlapping 3-D parts of the images. We also
usethe Sum of SquaredDi erences as similarity measure.

The mosaic of confocal image stacks are merged into one large dataset comprising the
whole examination volume. The value of a voxel in the overlapping areais de ned asa linear
combination of the valuesof the corresponding voxelsin the original images: weights depend
on the distanceto the image bordersto ensuresmooth transitions. We obtain a huge image
(about 4 Gb for the exampleshowvn gure 2(a)), stored on hard disk and where the value of
ead voxel is known and unique. This allows to load any sub-volume for inspection or for
processing.

Finally, we perform a global segmemation with a userde ned threshold value. Although
not optimal, we chosethis segmemation method becauseit is extremely fast and simple
(lots of better segmenmation techniques exist, but are behind the scope of this paper). The
in uence of this choicewill be discussedin section 6.2.
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8 Fouard & al.

3 Medial skeleton

If we model eath vesselby its certre line, we obtain a 1-dimensional set, which allows not
only to e cien tly visualize details of the whole network, but also to count the number of
vesselstheir lengths, and the number of their junctions. Moreover, if we model a vesselby
a cylinder (or a cylinder set), and assaiate to ead certre line point the smallest distance
to the background, we obtain the vesselradius at this point.

3.1 Distance Ordered Homotopic Thinning
3.1.1 Recalls

To determine vesselsertre lines, we can considereither medial axis or skeleton. Medial axis
was introduced by Blum [Blu67] with an analogy to grass re: he de ned local axis as the
locus of points at which the propagation fronts meet and extinguish. Calabi and Harnett

[CH68] de ned a medial axis asthe set of certers of maximal disks of the object, where a
disk is said to be maximal in an object if there are no other disks included in the object
containing this disk. A medial axis can be de ned asa setwhich is thin and certered within

the object. The secondapproad, introduced by Hilditc h [Hil69] and Kong and Rosenfeld
[KR89] de nes the skeleton of an object. A skeletonis thin and topologically equivalent to
the object.

In our case the topology is the most signi cant property wewant to preseneto character-
ize and model the micro-vascularnetwork. We thus considerhomotopic skeletons. Moreover,
aswe also aim at computing vesselsdiameters, we want the skeleton to be certered within
vessels.More precisely we want the following properties to be veri ed.

homotop y: the skeleton is topologically equivalert to the original image. Particularly,
it has the same number of connected componerts, holes and cavities as the original
image.

thic kness: the skeleton is thin i.e. one voxel wide. For discrete objects, however, it
may happen that connectivity requires a two-voxel thicknessat junction points.

medialness: the skeleton is certrally located within the foreground object. As we are
dealing with discrete images, it may happen, in the caseof an even voxels humber,
that a skeleton of one pixel wide cannot be exactly certered within the object.

Someprocess,asfor example compression require the skeletonto be reversible, but this
property is not essetial for our application. As reversibility implies an additional cost, we
will not considerit in this paper.

3.1.2 Existing metho ds to build a skeleton

A skeleton can be built in the contin uous spacethrough Voronoi diagrams or partial deriva-
tive equations(PDE). In the caseof the Voronoi diagram, the object outline is approximated

INRIA



Blockwise processing 9

by a polygon [Ogn94. The skeleton is de ned asthe subgraph ertirely included within the
object of the Voronoi diagram of this polygon vertices. In the caseof PDE, the skeleton is
de ned as a zero or non-de ned level-set of an ewolutiv e surface (for example, the distance
function to the badkground) [GF99]. Continuous methods lead to topological, certered and
thin skeleton. However, they often rise di culties when translated from the cortinuous to
the discrete space. Moreover, the algorithm complexity and the computational time are
crippling for huge images.

This leadsus to considering discrete methods which are generally fast and easyto use.
Such methods can then be basedon:

thinning: the skeletonis computed by iterativ ely peelingo the boundary of the object,
layer-by-layer. Thinning processusethe notion of simple points. A point is said to be
simple if its deletion presenesthe object topology. Such a point can be characterized
by consideringthe topology of its neighborhood [BM94]. Thus, thinning methods con-
sistin deleting only simple points (to be sureto presenetopology). If all simple points
are removed iterativ ely, the result object is topologically equivalent to the original one,
but far too simple: a connectedcomponent without hole nor cavity will be shrunk to
a single point. Conditions for end points are de ned for points located on the border
of a line or surfaceto keepit a line or a surface. Indeed, thinning processremove
deletablepoints (i.e. simple points that are also border points and non-end points)
either sequetiially [PSBKO1], or in parallel [TF81, GB90, PA99, MWO0O, LB02], or
with morphological operations [Jon0(. These methods lead to a skeleton which is
homotopicto the object, by construction, thin and geometrically represenativ e (if the
end-points have beencorrectly characterized), but not necessarilycertered.

distance maps: the skeletonis de ned asthe locus of the local maxima of the distance
map [CH68, MF98, ZKT98]. The principle of thesemethodsis to calculate the distance
map of the object, to nd local maxima and to re-connectthesemaxima. The resulting
skeleton is centered by construction, thin, depending on the local maxima threshold,
but not necessarilyhomotopic.

Hybrid methods have beenrecertly introduced to take advantage of both approaches
[ST95, Pud98]. These methods are called Distance Ordered Homotopic Thinning (DOHT).
They use a distance map to guide the processof iterativ ely removing simple points (ho-
motopic thinning) towards the certre of the object. They thus lead to a skeleton which
is homotopic to the original object (becauseonly simple points are deleted), thin (because
points are deleted until no deletable point is found), and as certered as possible (because
point deletion follows the distanceto the badkground).

Sincethe DOHT methods exhibit the properties we requestfor our skeleton, it will be
our method of choice.

RR n° 5581



10 Fouard & al.

3.2 Distance map

DOHT algorithms require the computation of a distance map of the object to skeletonize.
A distance map is a grey level image where the value of each object point correspondsto its
shortest distanceto the badkground. Numerousways have beeninvestigatedto compute dis-
tance maps. Chamfer transforms, popularized by [Bor84], achieve a good trade-o between
precision and computational cost. They propagate local integer distances using chamfer
masks. Roughly speaking, a chamfer mask is a set of legal displacemens weighted by local
distances. Figure 4 (a) shows an example of a 2D 3 3 chamfer mask. For a 2D (3D)

(a) Parallel chamfer mask (b) Iterativ e masks

Figure 4. Samplesof 2D 3 3 chamfer masks.

image, we note 1, |; (and I¢) the image dimensionsin %, y (and 2) direction. Rosenfeld
and P atz [RP66] have shawn that a distance map can be computed with two scanson the
image: a so-calledforward scanfrom the top left corner of the image (point of coordinates
(1;1)) to the bottom right corner of the image (point of coordinates (1;1;)), and a backwand
one, from the bottom right corner of the image (point of coordinates (li;1;)) to the top left
corner (point of coordinates (1; 1)) of the image. To do so, the imageis rst initialized to 0
for the badkground and 1 ! for the object points. Then, they use half masks (cf. gure 4
(b)) and a ect to ead object point the minimum value betweenits previous value, and the

LPractically a very high value.
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Blockwise processing 11

value of the points located in its half neighborhood added with the corresponding weight of
the half-mask. Thus, during the forward scan, the value of the current point dependson
its neighbors located on its left and above (right and left) of this point. In the sameway,
during the backward scan, the value of the current point dependson its neighbors located
on its right and under (right and left).

This algorithm can be easily adapted to higher dimension. For examplein 3 dimensions,
the 3 3 3 forward chamfer mask of a point (i; j; k) 2 Z 3 contains the following weighted

points:
(i1, 1, k1), (i, 1 k1), (i+l, 1, k1),
(i1, | k-1), (i, i k-1), i+l i, k-1),
(-1,  j+1, k-1), (i, j+1, k-1), (i+1,  j+1, k-1),
(i1, 1, k), (i, 1, k), (i*l, 1, k),
(i, ] k),

and the forward scanwrites as follows for eac point p(i; j; k) 2 |:

1: for k= 1to I¢ do

2z for j=1tol; do

3: for i= 1tol; do

4: [ (p) = Miny2torward_mask (1(P);1(P+ %)+ !y)

A distance between two points is generally de ned as the length of the shortest path
betweenthese points. In the caseof chamfer distance, we reducethe path choiceto linear
combinations of the legal displacemens allowed by the mask. To obtain a chamfer distance
as close as possible to the Euclidean one, we can, on one side, allow more paths, which
means increasing mask size, and, on another side, carefully choose the mask coe cien ts
leading to the smallest error with respect to the Euclidean distance. The rst way is the
easiestone, but it increasesthe chamfer map computational cost. The secondoneit the
most challenging one. This computation is generally done on isotropic grids. In our case,
however, slicethicknessis larger than pixel size. Dealing with an isotropic grid would lead to
interpolate data and to drastically increasethe amount of data. This is undesirablefor the
aimed application. In order to prevernt sudch problem, we take into accourt the anisotropy
of the lattice and considerthe use of adapted coe cien t computation methods [FMO05].

4 Blo ckwise pro cessing

The algorithms preserted in the previous section implicitly assumethat the image can be
loaded and processedat oncein the memory of the computer. This is not the casefor our
images. We decidedto processthe image by sub-imagesor blocks. Moreover, to ensurea
correct propagation of local distancesas well as a correct extraction of a homotopic and
certered skeleton, these algorithms have to be carefully re-designed.

RR n° 5581



12 Fouard & al.

4.1 Synthetic images

Toillustrate the problemsraised by a block-wise process,and to test our algorithm validity,
we produced a synthetical image. We considera 100 100 50 voxels binary image. To
simplify comparisons,we chooseto create an isotropic image (1 1 1 voxel size). This
imageis small enoughto be ertirely processecht once,but we will alsoprocessit in 4 blocks
to comparethe results we obtain with the result obtained when processedasa single image.

We draw lines in this image with known coordinates through Bresenham'salgorithm,
and dilate the lines with spherical structuring elemers of seweral known diameters.

Figure 5(a) shows the obtained image, and table 5(b) sumsup the di erent coordinates
and diameters of lines. We can notice that diameters are not integers. This is due to the

Line Length diameter
10 26:93 6:21
11 36:40 4:24
12 60:83 2:46
13 3536 8:17
14 2550 2:46
15 38.08 4:24
16 30:27 8:16

(a) Synthetic image (b) Original lengths and di-
ameters

Figure 5. Synthetic image and coordinates.

fact that the structuring elemens we use are not real spheres,but discrete elemens. This
results in the fact that the shortest distance to the badkground is located at the corner of a
voxel.

4.2 Blo ckwise distance map

If we compute distance maps independertly on ead image block, we obtain wrong values
at block borders. Indeed, gure 6(left) shows the result of the forward scan computed by

INRIA
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Figure 6: From left to right: propagation resulting from a 2-D forward scan; propagation
resulting from a naive blockwise 2-D forward scan(eadc block is consideredonce); propaga-
tion resulting from an adequateblockwise 2-D forward scan(eac block is consideredtwice,
exceptthe blocks at the end of block rows that are consideredonce).

consideringonly oneblock for the mosaic,and gure 6(certer) shawsthe result of the forward
scanby considering sequetially the blocks of the mosaic.
Two reasonsexplain this behavior:

First, local distancesshould be propagated from a block to another through chamfer
masks. To do so, blocks must overlap ead other. The overlap size depends on mask
size. For example,fora3 3 3chamfermask, block must haveat leastoneoverlapping
voxel in ead direction (2 voxelsfora5 5 5 maskand soon). Figure 6(certer) is
computed with such an overlap.

Second,to update a point value, for examplein the forward scan, the processmust
know the value of its neighbours located on the left, above (on the left and on the
right), and in the previous plane (above, under, on the left and on the right). In the
caseof a point located on the right border of the rst block, points located on its right
(above and on the previous plane) are not updated yet. A simple forward scanon
ead block from up left to bottom right is thus not enough. This is depicted by gure
6(certer). It isthe samefor points located on left border block for the backward scan.
A simple backwaid scanon ead block is not enougheither.

To overcomethese problems, we divide the image into overlapping blocks, and we perform
seweral scanson rows of blocks, columns of blocks and planes of blocks. Indeed, in the
forward scan,oncea row of blocks hasbeenforward processedrom left to right, we perform
another forward processon this row of blocks, but from right to left (as depicted by gure
6(right)), to update right border points of eat blocks (except for the block located on the
right border of the row which doesn't needto be updated). In the sameway, once a plane
of blocks has beenprocessedrom top to bottom, we perform forward processfrom bottom
to top on this plane of blocks to update points located on the bottom border of blocks (to
update a point located on a bottom border of a block, values of points located under this
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14 Fouard & al.

points, in the previous plane, are neededand not yet updated). We perform the sameway
for the badkward scan.

4.3 Blo ckwise skeletonization

Blockwise skeletonization processalso rises problems. Figure 7 (a) shows the skeleton we
would obtain by processingthe whole image at once. Figure 7 (b) shows the skeleton we
obtain by independertly processingead block. We can obsene that disconnectionsappear
at eadh block border.

(a) Skeleton obtained on the whole image (b) Skeleton obtained on each block pro-
cessedindep endently

Figure 7: If we processindependertly on ead block, disconnectionsappear on eat block
border.

Few authors proposetools to compute blockwise certerlines extraction. For example,
Vossemel et al. [VSD97] processndependertly on partially overlapping blocks, and then, re-
connectskeletonparts within the overlapping areas. However, to be ableto know which point
hasto be re-connectedwith an other, a previous labeling of ead object to be skeletonized
is required. In our application, labeling ead vesselis simply not realistic. Pakura et al.
[PSA02]usemaskdrivenskeletonization to determine nervous b erson partially overlapping
sub-blocks. Unfortunately, as skeleton location is not mandatory for their application, no
precautions are takento certer skeletonswithin b erslocated at block borders.

INRIA



Blockwise processing 15

We proposeto adapt distance ordered homotopic thinning to a block-wise process.This
adaptation is driven by the skeleton properties we want to presene: homotopy, medialness
and thinness.

4.3.1 Homotop Yy

Homotopy can be guaranteed by deleting only simple points of the object. A point can be
guaranteed to be simple by investigating its neighborhood [BM94]. Problems of homotopy
(vesselddisconnectionscreating new connectedcomponerts) may appear on block borders.
Indeed, neighborhoods of points located on block borders are partially unknown. On one
hand, if we assumethat the unknown neighbors belong to the background, the object to
be thinned can be disconnectedfrom the border, and disconnectionswill appear on block
borders. On the other hand, if we assumethat these unknown neighbors belongto the fore-
ground, the object to be thinned can not be disconnectedfrom the border, but the resulting
thinned object (in the whole mosaic) can be disconnectedas well sincethe cortinuity of the
skeleton from block to block is not ensured.

Figure 8 (a) shows the example of a vessellocated across?2 blocks and the skeleton
expected for this vessel.Figure 8 (b) shows the skeleton obtained when the two blocks are
processedndependenly.

To solve this problem, we freezepoints located on block borders, i.e. we considerpoints
as deletableonly if the whole neighborhood is included within the block.

This condition guarantees a homotopic skeleton. Indeed, changesof homotopy (e.g.
disconnections) appear when considering ead block independertly becausesome points
located on block borders are not simple points in the whole mosaic,but appear to be simple
with respect to one block as their neighborhood is not ertirely known. Freezing border
points ensurethat ead deleted point is simple with respect to the whole mosaic (because
the neighborhood is of eat point within one blackiis ertirely known). By de nition of simple
point, deleting simple points doesnot alter the object topology.

However, one may notice that thick portions of the object appear at the borders. They
will be be later deleted by further consideringother blocks that straddle the borders.

4.3.2 Medialness

As opposedto properties that can be ensuredlocally, e.g. homotopy with the sequettial

delatin of simple points, medialnessis a regional property which is more di cult to guaran-
tee, and that is no more veri ed if we only freezepoints on the on-voxel border as proposed
above. Indeed, if we delete all simple points except for the border of a block, the skeleton
may be mislocated.

As shown in gure 9 (a) and (b), some points expected to be in the skeleton can be
deleted. The connectedcomponert kept from the object becomesthe frozen points of the
border.

The skeletonis then stucked to the border of the rst thinned block and not located at
the object certer. To overcomethis problem, we considerpoints to be deletableonly if their
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(a) expected skeleton (b) independent computation of ead block:
the skeleton is disconnected on block borders.

(c) border points freezing guaranties the
skeleton connectivit y across borders.

Figure 8: Exemple of homotopy problemson block borders. The blue vesselcrosses? blocks.
If we processead block independerntly, its skeleton will be disconnected.

distance to the block border is larger than their distanceto the object border (see gure 9
(c)). This meansthat a point can be deleted only if its assa@iated maximal ball is ertirely
included within the block, or equivalertly that points that do not verify this property have
to be frozen to prevent them to be deleted.

This last property locally adapt the shape of the frozen part of the object on borders
to ensurethat points of the expected skeleton will not be deleted at this phase. Figure 9
(d) shaws the object componert which is kept after this skeletonization phase.

Figure 10 (a) showsthe result of the skeletonization processapplied to the synthetic lines
(cf gure 5 (@)), taking into accourt thesetwo conditions.

The expected skeleton is located within this component, but it is not really certered.
To this end, as showvn in the next section, we will apply another skeletonization phase

INRIA



Blockwise processing 17

(a) expected skeleton (b) relocated skeleton

(c) frozen points (d) expected skeleton inside frozen
points

Figure 9: Exemple of skeleton relocation problem. If we freezeonly border points, the
skeletonis stucked to the block border.

on this area. Simple points deletion will be ordered by the original object distance map.
The correct skeleton will be located on this distance map maxima, and the skeletonization
algorithm will delete every point located around thesemaxima beforereading the expected
skeleton points. This will lead to a medial skeleton.
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4.3.3 Thinness

The two previous conditions lead to a homotopic (becausewe remave only simple points)
and potentially medial (bacuse points located on maximal balls certers are not deleted)
skeleton. But it may remain thick. Indeed, object areaslocated on block borders have not
erntirely beenthinned. To obtain a thin skeleton, we re-apply the skeletonization algorithm
with the sameconditions, but on the arearemained thick, that is to say the block border
areas. To do so, blocks are re-designedas thick strips certered on previous block borders.
The strip thicknessdependson the largest distance found in the mosaic. As we are dealing
with vesselswe are sure that the largest vesseldiameter is far smaller than a block width.
Figure 10 (b), (c) and (d) shows di erent scansin vertical and horizontal direction. As we
are dealing with 3D images,we perform the sameway in z-direction.

This blockwisethinning skeletonization methodology ensuresthat most of the mosaicwill
only be accesseance,while only a small part of the mosaic(the points inside the additional
strip blocks on the border) will be accessedeveral times. This way, the additional cost due
to the blockwise processingis somewhatminimized.

We thus obtain a skeleton which is homotopic to the original object, as centered and as
thin as possiblewith respect to the de nition givenin the previous section.

5 Results

Once distance map and skeleton are computed, we:

convert the binary image obtained in a lines network, by considering points connec-
tivit y. This allows us not to store a huge binary image, but only connectedlines with
the coordinates of eat of their points.

aect to ead line point the corresponding distance found in the distance map, which
gives us the vesselradius on ead point of its certre line (and allow to compute its
mean diameter).

In this way, as a line models a vessel,we have direct accesso vesselsnumber, lengths, and
mean diameters.

5.1 Synthetical data

Table 1 preserts the lengths and mean diameters we obtained on synthetical data preserted
gure 5.

If we exceptlines |1, 14 and I5, we can notice that lengths are always under-estimated
(of about 15%). This is due to the fact that during skeletonization process,several points
are deleted before a line end-point appears. Indeed line end-points de nition movesobjects
border toward its certer (cf gure 7 (a)). In the caseof lines 11, 14 and 15, values di er
becausehe junction point betweenthesethree lines have beenrelocated when we performed
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(a) 1rst step: processon inde- (b) 2nd step: processborders on
pendent contiguous blocks vertical direction
(c) 3rd step: processborders on (d) last step

horizontal direction

Figure 10: Stepsof gure 5 (a) skeletonization using our method. In the rst step of block-
wise skeletonization, corntiguous blocks are processed(border points are freezedaccording
to previous conditions). Then border blocks are processedin x, y and z direction (for
visualization issue,we seehere only planar process).

a dilation on Bresenhamlinesto give them a diameter. This, addedto the relocation of line
borders giveshigher errors.
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Line | Length error (%) | diameter error (%)
0 2331 134 6:059 2:4
1 3873 6:4 4:195 11
12 5273 133 2:338 5:1
13 29:70 16:0 7:700 5:7
14 17:8 29:8 2:401 2:6
5 3580 322 4:167 1.8
16 2566 152 8:130 0:4

Table 1: Lengths and diameters obtained with our method for synthetic lines (cf Figure 5).

Concerning diameters, they are systematically under estimated too. But the error never
exceeds6% which agreeswith values proposedin [FMO5] and provesthat the skeleton is
correctly certered.

5.2 Real data

We integrated thesealgorithms into the visualization systemAmira [Zus03. The experimen-
tations were conducted on a Perntium 4 at 1:7GH z laptop with 512M b RAM. The amount
of data (4 Gb for the original image, plus 4 Gb for the segmened image, plus 8 Gb for the
distance map (stored on short integers,asbytes are not enoughto store the result of chamfer
map), and 4 Gb for the skeleton creation image, i.e. 20 Gb for the whole process)leads
us to store result imageson a distant hard disk, which slowed down the image read/write

process,and considerably increasethe total computational time.

Computing chamfer distancestakes 13min of actual calculation, and 14h17min of total
processdue to imagesread/write artifacts. Skeletonization processtakes 1h32min of actual
calculation for a total duration of 8h08minfor the whole mosaic. During thesetwo processing
steps,the mosaicwascut into about 256 256 128voxel sub-images(the number of voxels
may slightly change considering block location, e.g. blocks located on the border of the
mosaic, and overlap neededbetween blocks). The whole processtakesthen seweral hours
on a standard PC, mostly due to I/0O procedures,but it remains comparableto the total
acquisition time of the mosaic.

After corverting the voxel represeration of the skeletonto a geometricrepreseration of
lines, the result can be interactively explored. Displaying the original image data together
with the generatedskeletonin one visualization is possible(see gure 12 (a)). This helpsto
verify aswell asto documert results.

Figure 11 shows vesselscerter lines obtained from the image shown in Figure 2. The
whole lineset contains more than 2,000,000points and about 74,000lines.

From thesedata, we can alsoextract statistical data, as, for examplehistogram of vessels
radii (see gure 12 (b)). We can notice than most vesselsradii are lower than 10m , with
a peakat about 5m .
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Figure 11: Vesselscerter lines network of the mosaicpreseried gure 2.

6 Discussion
6.1 Validation

Validation is a critical issuein medical imaging process.We performed a qualitative valida-
tion on real data and a quantitative validation on simulated images.

6.1.1 Qualitativ e validation on real images

The rst aim of our study was a proof of feasibility. We shaved that extracting morphome-
trical data on real data represening seweral square millimeters of he brain was feasiblein
reasonabletime (at leastin nite time). This study allowed to recover seweral qualitativ e
results shoved by anatomists [DSV81]:

" the shape of vesselsjunctions corresponds to their expectations: veins and arteries
emergefrom the cortex with right angles,and form sharp anglesin deeplayers.

"~ the distribution of vesselsdensity corresponds to the obsenation on seweral cortex
layers.

the distribution of vesselsradii also correspondsto their obsenation.
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(a) vesselsmodeled as cylinders sets (b) Distribution of vesselsradii

Figure 12: Visualization of results obtained on the mosaicpresenied gure 2.

Unfortunately, this validation on real data cannot be quantitativ e as we are not aware
of a ground truth set of morphometrical valueson such data.

6.1.2 Quantitativ e validation on synthetic binary image

We produced synthetic binary imageto test our block-wise processingmethods. We showed
that we obtained a skeletonwhich is homotopic, thin and certered with respectto the binary
object. Moreover, we showed that vesselsdiameters where estimated with an error smaller
or equalto 6%. This validation on synthetic data did not takeinto accourt the segmenation
step. Indeed, the purposeof this paper is to proposeblock-wise processingmethods to work
on hugeimages.

6.2 Dependance on segmentation

By construction, the obtained skeleton is topologically equivalert and certered with respect
to the binary object.

We obsenethat the number of spuriousbranchesthat may appearin thinning processess
considerablyreducedby both distance map considerationand a directional strategy. Indeed,
spurious branches correspond to low values of distance map and are generally scattered all
around vessels. Moreover, Gaussian ltering, performed before segmemation, smoothes
borders and reducesirregularities that may lead to such spurious branches.
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(a) threshold value: 40 (b) threshold value: 50

(c) threshold value: 60

Figure 13: Radii histograms considering se\eral threshold values.

However, being topologically equivalert to the binary object leadsthe skeletonto highly
depend on segmeiation, and on the threshold choice. For example, if binarization createsa
hole within a vesselthen the skeletonwill get around this holeto be topologically equivalent
to the segmened object.

Additionally, the nal result may depend on the threshold choice. Indeed, the higher
the threshold value is, the lesspoints are taken for ead vessel,and the smallestthere mean
diameters are. Conversely the lowest the threshold value is, the most points are taken for
ead vesseland the highest there mean diameter is.

Figure 13 shows a zoom on vesselgadii histogram of the samemosaic processedwith a
threshold of 40 (a), 50 (b) and 60 (c) 2. We canobsenethat thesehistogramshave the same
overall shape, but radii valuesareslightly shifted form onethreshold valueto another. We are

2Values of original images vary between 0 and 255. Inter and intra-op erator variabilit y for the choice of
threshold does generally not exceed5 or 6 value units.
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consciougthat a particular attention must be paid for binarization. On-goingwork on a more
accurate segmenation, better adapted to our specic data (e.g. histogram equalization,
mathematical morphology...), is currently conducted. We favor automatic segmeisations
techniqueswhich limit inter and intra-op erator variations.

However, it has to be pointed out that vesselsshapes and diameters have been con-
siderably altered by the preparation process. Indeed, vesselsmay have been in ated by
Indian ink injection, distorted by the cutting process,and attened betweenthe slide and
the cover-glassto be obsened with a microscope. The imprecision brought by the choice
of the binarization threshold is lessimportant with respect to the deformations vesselsvere
subjected to.

7 Conclusion and Perspectiv es

The extraction of morphometric parameters from a mosaic of 3-D confocal microscopic
images has been preseried. This has required the design and developmert of dedicated
software tools. Indeed, as huge imagescannot be loaded at oncein a standard computer
memory, they needadapted algorithms. We choseadapted data structures allowing block-
wise computation. Our block-wise skeletonization method presenesglobal as well as local
skeleton properties by avoiding border e ects. In a rst pass,we process3D blocks without
overlapping. Next, we processsub-imagescovering boundaries. The size of these sub-
images depends on the size of the object to be thinned. Doing so, inner block areasare
processedonly once. The algorithm overhead due to the block by block processappears
only on boundaries. We have also shown that for our application, our tools allow to extract
guantitativ e information preciousfor neuro-anatomists and neuro-physiologiststo describe
the brain micro-vascular network.

This application can be widen to other acquisition techniques(aslong asit canleadto a
binarized image with vesselutlined from the background), and to other researd area(e.qg.
oil industry or plant roots study [KFPMO04]). Indeed, the preserted technics can be applied
to any binarized large data, as long as consideredobjects represen tubular structures or
smqll shapeswith respect to the sizeof a block to ensurethat we can designstrips at block
borders for the skeletonization.

Moreover, block-wise processcan be usedfor distance map or skeletonization paralleliza-
tion.
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